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Foreword

Sequences — also known as strings or words — surface in many areas of science. Initially studied
by combinatorialists in relation to problems of formal linguistics, they have proved to be of
fundamental importance in a large number of computer science applications, most notably
in textual data processing and data compression. Indeed, designers of large internet search
engines acknowledge them to be huge algorithmic factories operating on strings. In a different
sphere, properties of words are essential to the processing and statistical interpretation of
biological or genetic sequences. There it is crucial to discern signal from noise and to do so
in a computationally efficient manner.

As its title indicates, Szpankowski’s book is dedicated to the analysis of algorithms oper-
ating on sequences. First, perhaps, a few words are in order regarding analysis of algorithms.
The subject was founded by Knuth around 1963 and its aim is a precise characterization of
the behaviour of algorithms that operate on large ensembles of data. A complexity measure
(like execution time) is fixed and there are usually a few natural probabilistic models meant
to reflect the data under consideration. The analyst’s task then consists in predicting the
complexity to be observed. Average-case analysis focuses on expected performance; whenever
possible, finer characteristics like variances, limit distributions, or large deviations should also
be quantified.

For a decade or so, it has been widely recognized that average-case analyses tend to be far
more informative than worst-case ones as the latter focus on somewhat special pathological
configurations. Provided the randomness model is realistic, average-case complexity estimates
better reflect what is encountered in practice—hence their role in the design, optimization,
and fine tuning of algorithms. In this context, for algorithms operating on words, properties
of random sequences are crucial. Their study is the central theme of the book.

“Give a man a fish and you feed him for the day; teach him to fish and you feed him
for his lifetime.” Following good precepts, Szpankowski’s book has a largely methodological
orientation. The book teaches us in a lucid and balanced fashion the two main competing
tracks for analysing properties of discrete randomness. Probabilistic methods based on in-
equalities and approximations include moment inequalities, limit theorems, large deviations,
as well as martingales and ergodic theory, all of which nicely suited to the analysis of random
discrete structures. Analytic methods fundamentally rely on exact modelling by generating
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functions which, once viewed as transformations of the complex plane, begin to reveal their
secrets. Singularity analysis, saddle point strategies, and Mellin transforms become then
instrumental. As Hadamard was fond of saying, the shortest path between two truths on the
real line passes through the complex domain.

Throughout the book, the methodology is put to effective use in analysing some of the ma-
jor problems concerning sequences that have an algorithmic or information-theoretic nature.
In fact the book starts right away with a few easily stated questions that form recurrent
themes; these are relative to digital trees, data compression, string editing, and pattern-
matching. A great many more problems are thoroughly analysed in later chapters, including
the celebrated leader election problem of distributed computing, fast pattern matching, basic
information theory, Lempel-Ziv compression, lossy compression.

Analysis of algorithms is now a mature field. The time is ripe for books like this one which
treat wide fields of applications. Szpankowski’s book offers the first systematic synthesis on
an especially important area—algorithms on sequences. Enjoy its mathematics! Enjoy its
information theory! Enjoy its multi-faceted computational aspects!

PHILIPPE FLAJOLET



Preface

N ALGORITHM is a systematic procedure that produces in a finite number of steps

the solution to a problem. The name derives from the Latin translation Algoritmi de
numero Indorum of the 9th-century Arab mathematician al-Khwarizmi’s arithmetic treatise
Al-Khwarizmi Concerning the Hindu Art of Reckoning. The most obvious reason for analyz-
1ng algorithms, and data structures associated with them, is to discover their characteristics
in order to evaluate their suitability for various applications or to compare them with other
algorithms for the same application. Often such analyses shed light on properties of computer
programs and provide useful insights of the combinatorial behaviors of such programs. Need-
less to say, we are interested in good algorithms in order to efficiently use scarce resources
such as computer space and time.

Most often algorithm designs are finalized toward the optimization of the asymptotic
worst-case performance. Insightful, elegant, and useful constructions have been set up in this
endeavor. Along these lines, however, the design of an algorithm is sometimes targeted at
coping efficiently with unrealistic, even pathological inputs and the possibility is neglected
that a simpler algorithm that works fast on average might perform just as well, or even
better in practice. This alternative solution, also called a probabilistic approach, was an
important issue three decades ago when it became clear that the prospects for showing
the existence of polynomial time algorithms for NP-hard problems were very dim. This
fact, and the apparently high success rate of heuristic approaches to solving certain difficult
problems, led Richard Karp in 1976 to undertake a more serious investigation of probabilistic
algorithms. In the last decade we have witnessed an increasing interest in the probabilistic
analysis (also called average-case analysis) of algorithms, possibly due to a high success
rate of randomized algorithms for computational geometry, scientific visualization, molecular
biology, and information theory. Nowadays worst-case and average-case analyses coexist in a
friendly symbiosis, enriching each other.

The focus of this book is on tools and techniques used in the average-case analysis of
algorithms, where average case is understood very broadly (e.g., it includes exact and limiting
distributions, large deviations, variance, and higher moments). Such methods can be roughly
divided into two categories: analytic and probabilistic. The former were popularized by
D. E. Knuth in his monumental three volumes, The Art of Computer Programming, whose
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primary goal was to accurately predict the performance characteristics of a wide class of
algorithms. Probabilistic methods were introduced by Erdés and Rényi and popularized
in the book by Erdés and Spencer, Probabilistic Methods in Combinatorics. In general,
nicely structured problems are amenable to an analytic approach that usually gives much
more precise information about the algorithm under consideration. As argued by Andrew
Odlyzko: “Analytic methods are extremely powerful and when they apply, they often yield
estimates of unparalleled precision.” On the other hand, structurally complex algorithms are
more likely to be first solved by probabilistic tools that later could be further enhanced by a
more precise analytic approach.

The area of analysis of algorithms (at least, the way we understand it) was born on July
27, 1963, when D. E. Knuth wrote his “Notes on Open Addressing” about hashing tables
with linear probing. Since 1963 the field has been undergoing substantial changes. We see
now the emergence of combinatorial and asymptotic methods that allow the classification of
data structures into broad categories that are amenable to a unified treatment. Probabilistic
methods that have been so successful in the study of random graphs and hard combinatorial
optimization problems play an equally important role in this field. These developments have
two important consequences for the analysis of algorithms: it becomes possible to predict av-
erage behavior under more general probabilistic models; at the same time it becomes possible
to analyze much more structurally complex algorithms. To achieve these goals the analysis
of algorithms draws on a number of branches in mathematics: combinatorics, probability
theory, graph theory, real and complex analysis, number theory and occasionally algebra,
geometry, operations research, and so forth.

In this book, we choose one facet of the theory of algorithms, namely, algorithms and data
structures on sequences (also called strings or words) and present a detailed exposition of the
analytic and probabilistic methods that have become popular in such analyses. As stated
above, the focus of the book is on techniques of analysis, but every method is illustrated
by a variety of specific problems that arose from algorithms and data structures on strings.
Our choice stems from the fact that there has been a resurgence of interest in algorithms on
sequences and their applications in computational biology, and information theory.

Our choice of methods covered here is aimed at closing the gap between analytic and
probabilistic methods. There are excellent books on analytic methods such as the three vol-
umes of D. E. Knuth and the recent book by Sedgewick and Flajolet. Probabilistic methods
are discussed extensively in the books by Alon and Spencer, Coffman and Lueker, and Mot-
wani and Raghavan. However, remarkably few books have been dedicated to both analytic
and probabilistic analysis of algorithms, with possible exceptions of the books by Hofri and
Mahmoud.



About This Book

This is a graduate textbook intended for graduate students in computer science, discrete
mathematics, information theory, applied mathematics, applied probability, and statistics. It
should also be a useful reference for researchers in these areas. In particular, I hope that those
who are experts in probabilistic methods will find the analytic part of this book interesting,
and vice versa.

The book consists of three parts: Part I describes a class of algorithms (with associated
data structures) and formulates probabilistic and analytic models for studying them. Part IT
is devoted to probabilistic methods, whereas Part III presents analytic techniques.

Every chapter except the first two has a similar structure. After a general overview, we
discuss the method(s) and illustrate every new concept with a simple example. In most cases
we try to provide proofs. However, if the method is well explained elsewhere or the material
to cover is too vast (e.g., the asymptotic techniques in Chapter 8), we then concentrate on
explaining the main ideas behind the methods and provide references to rigorous proofs. At
the end of each chapter there is an application section that illustrates the methods discussed
in the chapter in two or three challenging research problems. Needless to say, the techniques
discussed in this book were selected for inclusion on exactly one account: how useful they
are to solve these application problems. Naturally, the selection of these problems is very
biased, and often the problem shows up in the application section because I was involved
in its solution. Finally, every chapter has a set of exercises. Some are routine calculations,
some ask for details of derivations presented in the chapter, and others are research problems

denoted as A and unsolved problems marked as W

Now we discuss in some detail the contents of the book. Part I has two chapters. The
first chapter is on the algorithms and data structures on words that are studied in this
book: We discuss digital search trees (i.e., tries, PATRICIA tries, digital search trees, and
suffix trees), data compression algorithms such as Lempel-Ziv schemes (e.g., Lempel-Ziv'77,
Lempel-Ziv’78, lossy extensions of Lempel-Ziv schemes), pattern matching algorithms (e.g.,
Knuth-Morris-Pratt and Boyer-Moore), the shortest common superstring problem, string
editing problem (e.g., the longest common subsequence), and certain combinatorial optimiza-
tion problems. Chapter 2 builds probabilistic models on sequences that are used throughout
the book to analyze the algorithms on strings. In particular, we discuss memoryless, Markov,
and mixing sources of generating random sequences. We also review some facts from probabil-
ity theory and complex analysis. We finish this chapter with an overview on special functions
(e.g., the Euler gamma function and the Riemann zeta function) that are indispensable for
the analytic methods of Part III.

Part II consists of four chapters. Chapter 3 is on the probabilistic and combinatorial
inclusion—exclusion principle, the basic tool of combinatorial analysis. After proving the
principle, we discuss three applications, namely, the depth in a trie, order statistics, and
the longest aligned matching word. Chapter 4 is devoted to the most popular probabilistic
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tool, that of the first and the second moment methods. We illustrate them with a variety
of examples and research problems (e.g., Markov approximation of a stationary distribution
and the height analysis of digital trees). In Chapter 5 we discuss both the subadditive
ergodic theorem and the large deviations. We use martingale differences to derive the very
powerful Azuma’s inequality (also known as the method of bounded differences). Finally, in
Chapter 6 we introduce elements of information theory. In particular, we use the random
coding technique to prove three fundamental theorems of Shannon (i.e., the source coding
theorem, the channel coding theorem and the rate distortion theorem). In the applications
section we turn our attention to some recent developments in data compression based on
pattern matching and the shortest common superstring problem. In particular, we show
that with high probability a greedy algorithm that finds the shortest common superstring is
asymptotically optimal. This is of practical importance because the problem itself is NP-hard.

Part III is on analytic methods and is composed of four chapters. Chapter 7 introduces
generating functions, a fundamental and the most popular analytic tool. We discuss ordinary
generating functions, exponential generating functions, and Dirichlet series. Applications
range from pattern matching algorithms to the Delange formula on a digital sum. Chapter 8
is the longest in this book and arguably the most important. It presents an extensive course
on complex asymptotic methods. It starts with the Euler-Maclaurin summation formula,
matched asymptotics and the WKB method, continues with the singularity analysis and
the saddle point method, and finishes with asymptotics of certain alternating sums. In the
applications section we discuss the minimax redundancy rate for memoryless sources and the
limiting distribution of the depth in digital search trees. The next two chapters continue
our discussion of asymptotic methods. Chapter 9 presents the Mellin transform and its
asymptotic properties. Since there are good accounts on this method (cf. [132, 149]), we made
this chapter quite short. Finally, the last chapter is devoted to a relatively new asymptotic
method known as depoissonization. The main thrust lies in an observation that certain
problems are easier to solve when a deterministic input is replaced by a Poisson process.
However, nothing is for free in this world, and after solving the problem in the Poisson
domain one must translate the results back to the original problem, that is, depoissonize
them. We cover here almost all known depoissonization results and illustrate them with
three problems: analysis of the leader election algorithm, and the depth in generalized digital
search trees for memoryless and Markovian sources. The latter analysis is among the most
sophisticated in this book.

Personal Perspective

I can almost pin down the exact date when I got interested in the analysis of algorithms.
It was in January 1983 in Paris during a conference on performance evaluation (at that
time I was doing research in performance evaluation of multiaccess protocols and queueing
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networks). I came from a gloomy Poland, still under martial law, to a glamorous, bright,
and joyful Paris. The conference was excellent, one of the best I have ever participated in.
Among many good talks one stood out for me. It was on approximate counting, by Philippe
Flajolet. The precision of the analysis and the brightness (and speed) of the speaker made a
lasting impression on me. I wished I could be a disciple of this new approach to the analysis
of algorithms. I learned from Philippe that he was influenced by the work of D. E. Knuth.
For the first time I got a pointer to the three volumes of Knuth’s book, but I could not find
them anywhere in Poland.

In 1984 I left Gdansk and moved to McGill University, Montreal. I had received a paper to
review on the analysis of conflict resolution algorithms. The paper was interesting, but even
more exciting was a certain recurrence that amazingly had a “simple” asymptotic solution.
I verified numerically the asymptotics and the accuracy was excellent. I wanted to know
why. Luckily, Luc Devroye had just returned from his sabbatical and he pointed me again
to Knuth’s books. I found what I needed in volumes I and III. It was an illumination! I
was flabbergasted that problems of this complexity could be analyzed with such accuracy. I
spent the whole summer of 1984 (re)learning complex analysis and reading Knuth’s books.
I started solving these recurrences using the new methods that I had been learning. I was
becoming a disciple of the precise analysis of algorithms.

When I moved to Purdue University in 1985, I somehow figured out that the recurrences
I was studying were also useful in data structures called tries. It was a natural topic for me
to explore since I moved from an electrical engineering department to a computer science
department. I got hooked and decided to write to Philippe Flajolet, to brag about my new
discoveries. In response he sent me a ton of papers of his own, solving even more exciting
problems. I was impressed. In May 1987 he also sent to Purdue his best weapon, a younger
colleague whose name was Philippe Jacquet. When Philippe Jacquet visited me I was working
on the analysis of the so-called interval searching algorithm, which I knew how to solve but
only with numerical help. Philippe got a crucial idea on how to push it using only analytic
tools. We wrote our first paper [214]. Since then we have met regularly every year producing
more and longer papers (cf. Chapter 10; in particular, Section 10.5.3). We have become
friends.

Finally, in 1989 I again rediscovered the beauty of information theory after reading the
paper [452] by Wyner and Ziv. There is a story associated with it. Wyner and Ziv proved
that the typical length of repeated substrings found within the first n positions of a random
sequence is with high probability %log n, where h is the entropy of the source (cf. Sec-
tion 6.5.1). They asked if this result can be extended to almost sure convergence. My work
on suffix trees (cf. Section 4.2.6) paid off since I figured out that the answer is in the negative
[411] (cf. also Section 6.5.1). The crucial intuition came from the work of Boris Pittel [337],
who encouraged me to study it and stood behind me in the critical time when my analysis
was under attack. It turned out that Ornstein and Weiss [333] proved that the Wyner and
Ziv conjecture is true. To make the story short, let me say that fortunately both results were



correct since we analyzed slightly different settings (i.e., I analyzed the problem in the so-
called right domain of asymptotics, and Ornstein and Weiss in the left domain). The reader
may read more about it in Chapter 6. Since then I have found information theory more and
more interesting. Philippe Jacquet and I have even coined the term analytic information
theory for dealing with problems of information theory by using analytic methods, that is,
those in which complex analysis plays a pivotal role.
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Chapter 1

Data Structures and Algorithms on Words

Summary: In this book we choose one facet of the theory of algorithms, namely data struc-
tures and algorithms on sequences (strings, words) to illustrate probabilistic, combinatorial,
and analytic techniques of analysis. In this chapter, we briefly describe some data structures
and algorithms on words (e.g., tries, PATRICIA tries, digital search trees, pattern matching
algorithms, Lempel-Ziv schemes, string editing, and shortest common superstring) that are
used extensively throughout the book to illustrate the methods of analysis.

ATA STRUCTURES AND ALGORITHMS on sequences have experienced a new wave

of interest due to a number of novel applications in computer science, communications,
and biology. Among others, these include dynamic hashing, partial match retrieval of mul-
tidimensional data, searching and sorting, pattern matching, conflict resolution algorithms
for broadcast communications, data compression, coding, security, genes searching, DNA se-
quencing, genome maps, double digest problem, and so forth. To satisfy these diversified
demands various data structures were proposed for these algorithms. Undoubtedly, the most
popular data structures in algorithms on words are digital trees [3, 269, 305] (e.g., tries,
PATRICIA, digital search trees), and in particular suffix trees [3, 17, 77, 375, 383, 411, 412].
We discuss various digital trees and introduce several parameters characterizing them that
we shall study throughout the book.

The importance of digital trees stems from their abundance of applications in other prob-
lems such as data compression (Section 1.2), pattern matching (Section 1.3), and the shortest
common superstring problem (Section 1.4). These problems recently became very important
due to the need for an efficient storage and transmission of multimedia, and possible appli-
cations to DNA sequencing.

Graphs and directed acyclic graphs (DAG) also find several applications in problems on
strings. In particular, we consider the edit distance problem and its variants (Section 1.5).
Finally, we close this chapter with a brief discussion of certain class of optimization problems

3
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Trie PATRICIA

° Digital Search Tree

Figure 1.1: A trie, PATRICIA trie and a digital search tree (DST) built from the following
four strings X! = 11100... , X2 =10111... , X3 =00110... , and X* = 00001....

on graphs that find applications for algorithms on sequences (Section 1.6).

1.1 Digital Trees

We start our discussion with a brief review of the digital trees. The most basic digital
tree, known as a trie (from retrieval), is defined first, and then other digital trees (such as
PATRICIA, digital search trees and suffix trees) are described in terms of the trie.

The primary purpose of a trie is to store a set X of strings (words, sequences), say
X = {X!, ..., X"}. Throughout the book, the terms strings, words and sequences are used
interchangeably. Each string is a finite or infinite sequence of symbols taken from a finite
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alphabet A = {w1,...,wy} of size V = | A|. We use a generic notation D,, for all digital trees
built over a set X of n strings. A string will be stored in a leaf of the trie. The trie over X
is built recursively as follows: For |X| = 0, the trie is, of course, empty. For |X| =1, trie(X’)
is a single node. If |X'| > 1, X is split into V subsets &}, Xa,..., Xy so that a string is in
AXj; if its first symbol is w;. The tries trie(X}), trie(Xa), ..., trie(Xy) are constructed in the
same way except that at the kth step, the splitting of sets is based on the kth symbol. They
are then connected from their respective roots to a single node to create trie(X). Figure 1.1
illustrates such a construction. Observe that all strings are stored in external nodes (shown
as boxes in Figure 1.1) while internal nodes are branching nodes used to direct strings to
their destinations (i.e., external nodes). When a new string is inserted, the search starts at
the root and proceeds down the tree as directed by the input symbols (e.g., symbol “0” in
the input string means move to the right and “1” means proceed to the left as shown in
Figure 1.1).

There are many possible variations of the trie. One such variation is the b-trie, in which
a leaf is allowed to hold as many as b strings (cf. [145, 305, 411]). The b-trie is particularly
useful in algorithms for extendible hashing in which the capacity of a page or other storage
unit is b. A second variation of the trie, the PATRICIA trie (Practical Algorithm To
Retrieve Information Coded In Alphanumeric) eliminates the waste of space caused by nodes
having only one branch. This is done by collapsing one-way branches into a single node
(Figure 1.1). In a digital search tree (DST), shown also in Figure 1.1, strings are directly
stored in nodes so that external nodes are eliminated. More precisely, the root contains the
first string (however, in some applications the root is left empty). The next string occupies
the right or the left child of the root depending on whether its first symbol is “0” or “1”. The
remaining strings are stored in available nodes which are directly attached to nodes already
existing in the tree. The search for an available node follows the prefix structure of a string
as in tries. That is, if the next symbol in a string is “0” we move to the right, otherwise we
move to the left.

As in the case of a trie, we can consider an extension of the above digital trees by allowing
them to store up to b strings in an (external) node. We denote such digital trees as Dq(zb), but
we often drop the upper index when b = 1 is discussed. Figure 1.1 illustrates these definitions
for b= 1.

One of the most important example of tries and PATRICIA tries are suffix trees and
compact suffic trees (also called PAT). In suffix trees and compact suffix trees, the words
stored in these trees are suffixes of a given string X = xyxo...; that is, the word X7 =
Tjrj1Tj42 ... is the jth suffix of X which begins at the jth position of X. Thus a suffix
tree is a trie and a compact suffix tree is a PATRICIA trie in which the words are all suffixes
of a given string. Clearly, in this case the strings X7 for j = 1,...,n strongly depend on
each other while in a trie the strings of X might be completely independent. A suffix tree is
illustrated in Figure 1.2.

Certain characteristics of tries and suffix trees are of primary importance. We define them
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S; =1010010001 S, = 0010001
S, = 010010001 S = 010001
S3 = 10010001
S
S S
S S

Figure 1.2: Suffix tree built from the first five suffixes Sy,..., 55 of X = 1010010001 ...

below.

Definition 1.1 (Digital Trees Parameters) Let us consider a b-digital tree Dﬁlb) buslt over
n strings and capable of storing up to b strings in an (external) node.

(i) The mth depth DY (m) is the length of a path from the root of the digital tree to the
(external) node containing the mth string.

(ii) The typical depth Dg’) 1s the depth of a randomly selected string, that is,

PrD® <k} = L 3 PrD® (m) < k} . (1.1)
n m=1
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(iii) The (external) path length L%b) is the sum of all depths, that is,

LY = 3" DO (m). (1.2)

(iv) The height HY is the length of the longest depth, that is,
H® = max {D®(m)}. (1.3)

1<m<n

(v) The fill-up level Fng) 1s the maximal full level in the tree Dg’), that 1is, Dg’) s a full

tree up to level FT(Lb) but not on the level FT(Lb) + 1. In other words, on levels 0 < i < Féb) there
are exactly V' nodes (either external or internal) in the tree, but there are less than V' W
nodes on level F,(Lb) + 1.

(vi) The shortest depth S%b) 1s the length of the shortest path from the root to an external
node, that is,

S0 = min {DY(m)}. (1.4
(Observe that Fng) < S%b) .)
(vii) The size S is the number of (internal) nodes in DY,
(viii) The kth average profile BT(Lb)(k) is the average number of strings stored on level k of
(b)
Dy

These parameters can be conveniently represented in another way that reveals combina-
torial relationships between strings stored in such digital trees. We start with the following
definition.

Definition 1.2 ALIGNMENTS
For the set of strings X = {X', X2 ..., X"}, the alignment Ciy..ip, between b+ 1 strings
X%, ..., X%+ s the length of the longest common prefiz of all these b+ 1 strings.

To illustrate this definition and show its usefulness to the analysis of digital trees, we
consider the following example.

Example 1.1: [llustration of the Self-Alignments.
Let us consider the suffix tree shown in Figure 1.2. Define C = {Cz‘j}?,j:1 for b =1 as the
self-alignment matrix which is shown explicitly below:

* 0 2 0 0
0 x 0 1 4
C=12 0 ~ 0 O
01 0 1
0 4 0 1 %
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Observe that we can express the parameters of Definition 1.1 in terms of the self-alignments
C;j as follows:

D,(1) = 2@?55{013‘} +1=3,
Hy = 1§Izn<83'xﬁn{cij} +1=5,
s, = min max {Cj}+1=2

1<ig<n1<j<n

(since b = 1 we drop b from the above notations).

Certainly, similar relationships hold for tries, but not for PATRICIA tries and digital
search trees. In PATRICIA tries, however, one can still express parameters of the trees in
terms of the alignments matrix C. For example, the depth of the fourth string D4(4) can be
expressed as follows:

D4(4) = max{min{Cy1, D4(1)}, min{Clu2, D4(2)}, min{Cus, D4(3)}}.

This is a bit too complicated to be of any help. O

The above example suggests that there are relatively simple relationships between pa-
rameters of a trie and the alignments. Indeed, this is the case as the theorem below shows.
The reader is asked to provide a formal proof in Exercise 1.

Theorem 1.3 In a trie the following holds:

b .
DP(ivgr) = | _max {Ci i} +1, (15)
(b _— o
HY = me  Coi) 41 (15)
1<iy,...,1p<n

) — i ®) (; — i o
o 1s]z['?+1?§n{D” (io+1)} 13&?@1@?%671{0““%“} a8
forany 1 <iq1,...,%4+1 < n, where Dr(lb) (n+ 1) :=1I, can be viewed as the depth of insertion

I,.

In passing, we should mention that the above combinatorial relationships find applications
in problems not directly related to digital trees. We shall meet them again in Section 6.5.2
when analyzing the shortest common superstring problem discussed in Section 1.4.

The digital trees are used very extensively in this book as illustrative examples. We
analyze the height of tries, PATRICIA tries, and suffix trees in Chapter 4. Recurrences
arising in the analysis of digital trees are discussed in Chapter 7, while the typical depth of
digital search trees is studied in Chapters 8-10.
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1.2 Data Compression: Lempel-Ziv Algorithms

Source coding is an area of information theory (see Chapter 6) that deals with problems of
optimal data compression. The most successful and best-known data compression schemes
are due to Lempel and Ziv [460, 461]. Efficient implementation of these algorithms involves
digital trees. We describe here some aspects of the Lempel-Ziv schemes and return to them
in Chapter 6.

We start with some definitions. Consider a sequence {X}}7°, taking values in a finite
alphabet A (e.g., for English text the cardinality |.4] = 26 symbols, while for an image |A| =
256). We write X, to denote X, Xpt1 ... Xpn. We encode X7 into a binary (compression)
code %, and the decoder produces the reproduction sequence X{L of X7'. More precisely,
a code %, is a function ¢ : A" — {0,1}*. On the decoding side, the decoder function
¢ {0,1}* — A" is applied to find X7 = ¢(¢(X7). Let £( 2, (X7)) be the length of the
code 7, (in bits) representing X{". Then the bit rate is defined as

(7 (X]))

r(Xp) = =

For example, for text r(X7]") is expressed in bits per symbol, while for image compression in
bits per pixel or in short bpp.

We shall discuss below two basic Lempel-Ziv schemes, namely, the so-called Lempel-
Ziv’77 (LZ77) [460] and Lempel-Ziv'78 (LZ78) [461]. Both schemes are examples of lossless
compression; that is, the decoder can recover exactly the encoded sequence. A number of
interesting problems arise in lossy extensions of the Lempel-Ziv schemes. In the lossy data
compression, discussed below, some information can be lost during the encoding.

1.2.1 Lempel-Ziv’77 Algorithm

The Lempel-Ziv algorithm partitions or parses a sequence into phrases that are similar in
some sense. Depending on how such a parsing is encoded we have different versions of the
algorithm. However, the basic idea is to find the longest prefix of yet uncompressed sequence
that occurs in the already compressed sequence.

More specifically, let us assume that the first n symbols X7 are given to the encoder and
the decoder. This initial string is sometimes called the “database string” or the “training
sequence.” Then we search for the longest prefix ngrrf of X9, that is repeated in XT', that
is,

Let I,, be the largest ¢ such that Xgif = X1 for some prescribed range of
m and /.

Depending on the range of m and ¢, we can have different versions of the LZ77 scheme.
In the original LZ77 algorithm [460], m and ¢ were restricted to a window size W and
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S Sy

S Ss

Figure 1.3: Suffix tree built from the first four suffixes of X = 1010010001...

“lookahead” buffer B, that is, n — W 4+ 1 < m < n and ¢ < B. This implementation is
sometimes called the sliding window LZ77. In the fized database(FDLZ) version [452, 453],
onesets 1 <m < W and m—1+¢ < W; that is, the database sequence is fixed and the parser
always looks for matches inside such a fixed substring X}V. Such a scheme is sometimes called
the Wyner-Ziv scheme [452]. Finally, in the growing database version the only restriction is
that 1 < m <n (i.e., the database consists of the last n symbols).

In general, the code built for LZ77 consists of the triple (m, ¢, char) where char is the
symbol X, ,. Since the pointer to m needs log,n bits, the length ¢ could be coded in
O(log I,,) bits and char requires log |.A| bits, the code length of a phrase is logy n+O(log I,,) +
log, | A| bits. In Exercise 5 we propose a formula for the code length of the FDLZ, while in
Exercise 6 the reader is asked to find the code length for all other versions of the Lempel-Ziv
schemes.

The heart of all versions of the Lempel-Ziv schemes is the algorithm that finds the longest
prefix of length I, that occurs in the database string of length n. It turns out that the suffix
tree discussed in Section 1.1 can be used to efficiently find such a prefix. Indeed, let us
consider a sequence X = 1010010001 ..., and assume X7 is the database string. The suffix
tree built over X{ is shown in Figure 1.3. Let us now look for Iy, that is, the longest prefix
of X2° that occurs (starts) in the database X{. In the growing database implementation it is
X8 since it is equal to X3. This can be seen by inserting the fifth suffix of X into the suffix
tree from Figure 1.3 — which actually leads to the suffix tree shown in Figure 1.2.
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1.2.2 Lempel-Ziv’78 Algorithm

The Lempel-Ziv’78 (LZ78) is a dictionary-based scheme that partitions a sequence into phrases
(blocks) of variable sizes such that a new block is the shortest substring not seen in the past
as a phrase. Every such phrase is encoded by the index of its prefix appended by a symbol,
thus LZ78 code consists of pairs (pointer,symbol). A phrase containing only one symbol is
coded with the index equal to zero.

Example 1.2: The Lempel-Ziv’78 and Its Code
Consider the string X1 = ababbbabbaaaba over the alphabet A = {a,b}, which is parsed
and coded as follows:

Phrase No: 1 2 3 4 5 6 7
Sequence:  (a) (b) (ab) (bb) (abb) (aa) (aba)
Code: 0a Ob 1b 2b 3b la 3a

Observe that we need [log, 7] bits to code a phrase, and two bits to code a symbol, so in
total for 7 phrases we need 28 bits. O

The most time consuming part of the algorithm is finding the next phrase, that is, search-
ing the dictionary. However, this can be speeded up by using a digital search tree to build the
dictionary. For example, the string 11001010001000100 is parsed into (1)(10)(0)(101)(00)(01)
(000)(100), and this process is represented in Figure 1.4 using the digital search tree struc-
ture. In this case, however, we leave the root empty (or we put an empty phrase into it). To
show that the root is different from other nodes we draw it in Figure 1.4 as a square. All
other phrases of the Lempel-Ziv parsing algorithm are stored in internal nodes (represented
in the figure as circles). When a new phrase is created, the search starts at the root and
proceeds down the tree as directed by the input symbols exactly in the same manner as in
the digital tree construction (cf. Section 1.1). The search is completed when a branch is
taken from an existing tree node to a new node that has not been visited before. Then the
edge and the new node are added to the tree. The phrase is just a concatenation of symbols
leading from the root to this node, which also stores the phrase.

We should observe differences between digital search trees discussed in Section 1.1 and
the one described above. For the Lempel-Ziv scheme we consider a word of fized length,
say n, while before we dealt with fized number of strings, say m, resulting in a digital tree
consisting of exactly m nodes. Looking at Figure 1.4, we conclude that the number of nodes
in the associated digital tree is equal to the number of phrases generated by the Lempel-Ziv
algorithm.

1.2.3 Extensions of Lempel-Ziv Schemes

Finally, we shall discuss two extensions of Lempel-Ziv schemes, namely generalized Lempel-
Ziv’78 and lossy Lempel-Ziv’77. Not only are these extensions useful from a practical point of
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(@ @ @
@) =) (o)

Figure 1.4: A digital tree representation of the Lempel-Ziv parsing for the string
11001010001000100

view (cf. [11, 29, 299, 399, 361]), but they are also a source of interesting analytical problems.
We return to them in Chapters 6, 9, and 10.

Generalized Lempel-Ziv’78

Let us first consider the generalized Lempel-Ziv'78 scheme. It is known that the original
Lempel-Ziv scheme does not cope very well with sequences containing a long string of re-
peated symbols (i.e., the associated digital search tree is a skewed one with a long path).
To somewhat remedy this situation, Louchard, Szpankowski and Tang [299] introduced a
generalization of the Lempel-Ziv parsing scheme that works as follows: Fix an integer b > 1.
The algorithm parses a sequence into phrases such that the next phrase is the shortest phrase
seen in the past by at most b — 1 phrases (b = 1 corresponds to the original Lempel-Ziv
algorithm). It turns out that such an extension of the Lempel-Ziv algorithm protects against
the propagation of errors in the dictionary (cf. [399, 361]).

Example 1.3: Generalized Lempel-Ziv’78

Consider the sequence afaffafafacaacaaaary over the alphabet A = {«, 3,7}. For
b = 2 it is parsed as follows: («a)(8)()(B)(Ba)(Ba)(fac)(aa)(aw)(aaa)(y) that has seven
distinct phrases and eleven phrases. The code for this new algorithm consists: (i) either of
(pointer, symbol) when pointer refers to the first previous occurrence of the prefix of the
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(0)
=) @ &
(00)

Figure 1.5: A 2-digital search tree representation of the generalized Lempel-Ziv parsing for
the string 1100101000100010011

phrase and symbol is the value of the last symbol of this phrase; (ii) or just (pointer) if the
phrase has occurred previously (i.e., it is the second or the third or ...the bth occurrence
of this phrase). For example, the code for the previously parsed sequence is for b = 2:
0a05122a33a1a55a07 (e.g., the phrase (2a) occurs for the first time as a new phrase, hence
(2) refers to the second distinct phrase appended by «, while code (5) represents a phrase
that has its second occurrence as the fifth distinct phrase). Observe that this code is of length
47 bits since there are eleven phrases each requiring up to [log, 7] = 3 bits and seven symbols
need 14 additional bits (i.e., 47 = 11-3 4+ 7 -2 = 47). The original LZ78 code needs 54 bits.
We saved 7 bits! But, the reader may verify that the same sequence requires only 46 bits for
b = 3 (so only one additional bit is saved), while for b = 4 the bit count increases again to
52. O

The above example suggests that b = 3 is (at least locally) optimum for the above se-
quence. Can one draw similar conclusions “on average” for a typical sequence (i.e., generated
randomly)? This book is intended to provide tools to analyze such problems.

As for the original Lempel-Ziv algorithm, the most time-consuming part of the construc-
tion is to generate a new phrase. An efficient way of accomplishing this is by means of
generalized digital search trees, introduced in Section 1.1, namely, b-digital search tree (b-
DST). We recall that in such a digital tree one is allowed to store up to b strings in a node.
In Figure 1.5 we show the 2-DST constructed from the sequence 1100101000100010011.
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Lossy Extension of Lempel-Ziv’77

We now discuss another extension, namely a lossy Lempel-Ziv’77 scheme. In such a scheme
in the process of encoding some information is lost. To control this loss, one needs a measure
of fidelity d(-,-) between two sequences. For example, the Hamming distance is defined as

n

n wvn 1
dn(lexl) = Ezdl(XuXi)

where dl(Xi,Xi) =0 for X; = XZ and 1 otherwise. In the square error distortion we set
d(X;,X;) = (X; — X;)2. We explore this topic in depth in Chapter 6.

Let us now fix D > 0. In the lossy LZ77, we consider the longest prefix of the uncom-
pressed file that approximately (within distance D) occurs in the database sequence. More
precisely, the quantity I,, defined in Section 1.2.1 becomes in this case:

Let I, be the largest K such that a prefix of X7 of length K is within distance
D from Xf*HK for some 1 <i<n— K + 1, that is, d(Xf*HK,X;’i{() <D.

Not surprisingly, the bit rate of such a compression scheme depends on the probabilistic
behavior of I,,. We shall analyze it in Chapter 6. The reader is also referred to [91, 278, 303,
403, 439].

1.3 Pattern Matching

There are various kinds of patterns occurring in strings that are important to locate. These
include squares, palindromes, and a specific pattern. For example, in computer security one
wants to know if a certain pattern (i.e., a substring, or even better a subsequence) appears
(too) frequently in an audit file (text) since this may indicate an intrusion. In general, pattern
matching involves a pattern H and a text string T'. One is asked to determine the existence
of H within T, the first occurrence of H, the number of occurrences or the location of all
occurrences of H.

Two well-known pattern matching algorithms are the Knuth-Morris-Pratt (KMP) algo-
rithm and the Boyer-Moore (BM) algorithm [3, 77]. In this section we focus on the former.
The efficiency of these algorithms depends on how quickly one determines the location of the
next matching attempt provided the previous attempt was unsuccessful. The key observation
here is that following a mismatch at, say the kth position of the pattern, the preceding k& — 1
symbols of the pattern and their structure give insight as to where the next matching attempt
should begin. This idea is used in the KMP pattern matching algorithm and is illustrated in
the following example and Figure 1.6.

Example 1.4: The Morris—Pratt Algorithm
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H 011010
T 1011011011
(a) first attempt

H 011010

T 1011011011
(b) second attempt

H 011010

T 1011011011

(c) third attempt

Figure 1.6: Comparisons made by the Morris—Pratt pattern matching algorithm

We now consider a simplified version of the KMP algorithm, namely that of the Morris—
Pratt pattern matching algorithm. Let HY = 011010 and the text string 7% = 1011011011,
as shown in Figure 1.6. When attempting to match P with T, we proceed from left to right,
comparing each symbol. No match is made with the first symbol of each, so the pattern H
is moved one position to the right. On the second attempt, the sixth symbol of H does not
match the text, so this attempt is halted and the pattern H is shifted to the right. Notice
that it is not fruitful to begin matching at either the third or fourth position of T" since the
suffix 01 of the so far matched pattern H} = 01101 is equal to the prefix 01 of H}. Thus the
next matching attempt begins at the fifth symbol of T O

Knowing how far to shift the pattern H is the key to both the KMP and the BM al-
gorithms. Therefore, the pattern H is preprocessed to determine the shift. Let us assume
that a mismatch occurs when comparing 7; with Hi. Then some alignment positions can be
disregarded without further text-pattern comparisons. Indeed, let 1 < i < k be the largest
integer such that H ,l;:il = Hi, that is, i is the longest prefix of H that is equal to the suffix
of H of length i. Then positions [ — k+ 1,1 — k+2,...,l — i+ 1 of the text do not need
to be inspected and the pattern can be shifted by k — ¢ positions (as already observed in
Figure 1.6). The set of such ¢ can be known by a preprocessing of H.

There are different variants of the classic Knuth-Morris-Pratt algorithm [272] that differ
by the way one uses the information obtained from the mismatching position. We formally
define two variants, and provide an example. They can be described formally by assigning
to them the so-called shift function S that determines by how much the pattern H can be
shifted before the next comparison at [ + 1 is made. We have:
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Morris-Pratt variant:

S =min{k: min{s >0: H{ ) =H"'"*}} ;

Knuth-Morris-Pratt variant:
S = min{k : min{s: Hf_:sl = H '"*and Hy # Hy_s}}

There are several parameters of pattern matching algorithms that either determine their
performance or shed some light on their behaviors. For example, the efficiency of an algorithm
is characterized by its complexity, defined below.

Definition 1.4 (i) For any pattern matching algorithm that runs on a given text T and a
given pattern H, let M (L, k) = 1 if the lth symbol T} of the text is compared by the algorithm
to the kth symbol Hy, of the pattern, and M(l,k) =0 otherwise.

(ii) For a given pattern matching algorithm the partial complezity function C,.,, is defined as

CT,S(H{anln) = Z M[lvk]
l€[r,s],ke[1,m]
where 1 <r < s <n. Forr =1 and s = n the function Cy ,, := C,, is called the complexity

of the algorithm.

We illustrate some of the notions just introduced in the following example.

Example 1.5 Illlustration to Definition 1.4.
Let H = abacabacabab and T' = abacabacabaaa. The first mismatch occurs for M (12,12).
The comparisons performed from that point are:

1. Morris-Pratt variant:
(12,12); (12,8); (12,4); (12,2); (12, 1); (13,2); (13,1)

where the text character is compared in turn with pattern characters (b,c,c,b,a,b,a)
with the alignment positions (1,5,9,11,12,12,13).

2. Knuth-Morris-Pratt variant:
(12,12); (12, 8); (12, 2); (12, 1); (13,2); (13,1)

where the text character is compared in turn with pattern characters (b, ¢, b, a, b, a) with
the alignment positions (1,5,11,12,12,13).

O

It is interesting to observe that the subset {1,5,12} appears in all variants. We will see

that these positions share a common property of “unavoidability” explored in Section 5.5.2.
We shall also discuss the pattern matching problem in Section 7.6.2.
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1.4 Shortest Common Superstring

Various versions of the shortest common superstring (SCS) problem play important
roles in data compression and DNA sequencing. In fact, in laboratories DNA sequencing
(cf. [285, 445]) is routinely done by sequencing large numbers of relatively short fragments
and then heuristically finding a short common superstring. The problem can be formulated
as follows: given a collection of strings, say X', X2 ..., X™ over an alphabet A, find the
shortest string Z such that each X' appears as a substring (a consecutive block) of Z. In
DNA sequencing, another formulation of the problem may be of even greater interest. We
call it an approzimate SCS and one asks for a superstring that contains approzimately (e.g.,
in the Hamming distance sense) the original strings X L X2 ..., X™ as substrings.

More precisely, suppose X = z1z2...x, and Y = yqy2...ys are strings over the same
finite alphabet .A. We also write | X| for the length of X. We define their overlap o(X,Y") by

o(X,Y)=max{j: i =xr_j4i, 1 <i < j}
If X #Y and k = o(X,Y), then
XY =21%9 . Tr Ykt 1Yks2 - - - Ys-

is the superstring of X and Y, where - is the concatenation operation. Let S be a set of all
superstrings built over the strings X', ..., X™. Then,

n
ot = ; |Xi] = min |Z]

is the optimal overlap in the shortest common superstring.
Example 1.6: Common Superstring and Its Graph Representation

Let us consider the following five strings: X' = abaaab, X? = aabaaaa, X? = aababb,
X* = bbaaba, and X° = bbbb. We first find C;; that represents the length of the longest suffix
of X* that is also equal to a prefix of X7. In our case

* 3 3 1 1
1 « 2 0 0
C=10 0 « 2 2
3 4 4 % 0
0 0 0 2 «x

Let now G(C) be a weighted digraph built on the set of strings {X!,...  X°} with weights
Cj;. This digraph is shown in Figure 1.7. Observe that the optimal (maximum) Hamiltonian
path in G(C) determines the maximum overlap between strings X', ..., X°. Hence, one can
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Figure 1.7: The digraph G(C) from Example 6. Optimal Hamiltonian path (starting at
node 4 is shown in bold.

construct the shortest common superstring, which in our case is Z = abaaababbbbaabaaaa
and OP* =3 +2+2+4=11. O

From the above example, we should conclude that computing the shortest common su-
perstring is as hard as finding the longest Hamiltonian path; hence the problem is NP-hard.
Nevertheless, constructing a good approximation to SCS is of prime interest. It has been
shown recently that a greedy algorithm can compute in O(nlogn) time a superstring that
in the worst case is only 3 times (where 2 < § < 4) longer than the shortest common super-
string [53, 427]. Often, one is interested in maximizing total overlap of SCS using a greedy
heuristic and showing that such a heuristic produces an overlap O%" that approximates well
the optimal overlap OSPt.

A generic greedy algorithm for the SCS problem can be described as follows (cf. [53, 157,
427): Tts input is the n strings X1, X2 ... X™. It outputs a string Z which is a superstring
of the input.

Generic greedy algorithm

1. I—{XxX' X2 X3 ... X"} 08" — 0;
2. repeat
3. choose XY €I, Z=XaY,;

4. I—(I\{X, Y}Hu{Z}
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5. 0% — 0% +o(X,Y);
6. until |/| =1

Different variants of the above generic algorithm can be envisioned by interpreting ap-
propriately the “choose” statement in Step 3 above:

RGREEDY: In Step 3, X is the string Z produced in the previous iteration, while Y is
chosen in order to maximize o(X,Y) = o(Z,Y). Our initial choice for X is X'. Thus, in
RGREEDY we have one “long” string Z which grows by addition of strings at the right hand
end. In terms of the digraph G(C), one starts from the vertex X; and follow the out-going
edge with the maximum weight C7 ;. This process continues until all vertices of G(C) are
visited, disregarding cycles of length smaller than n.

GREEDY: Sort the edges of G,(C) into e1,ea,...,en, N = n? so that C(e;) > Cleijq1)
where C/(e;) is the weight assigned to edge e;; Sg « 0;

For i =1 to N do:

if S¢ U {e;} contains in G neither

(i) a vertex of outdegree or indegree at least 2 in Sg,
(ii) a directed cycle,

then Sg — Sg U {e;}.

On termination Sg contains the n — 1 edges of a Hamilton path of G and corresponds to
a superstring of X' X2 ... X" The selection of an edge weight (X?, X7) corresponds to
overlapping X* to the left of X7.

MGREEDY: In Step 3 choose X,Y in order to maximize o(X,Y). If X # Y proceed as
in GREEDY. If X =Y, then I «— I\ {X}, O% is not incremented, and C «+— C U {X} where
the set C is initially empty. On termination we add the final string left in I to C.

MGREEDY: sort the edges G into e1, ea, ..., en, N = n? so that w(e;) > w(eiz1); Smua, C
0;
For i =1 to N do:
if Sirq U {e;} contains no vertex of outdegree or indegree at least 2 in Sy/¢,
then Syq «— Sve U{e}.
If ¢; closes a cycle, then C' «— C U {e;}.

On termination the edges of Sy;g form a collection of vertex disjoint cycles C1,Co, ... ,Cy,
t = |C| which cover [n]. Each C; contains one edge f; which is a member of C and f; is a
lowest weight edge of C;. Let P; = C; — f;. The catenation of paths Pi,Ps, ..., P; define a
superstring of the input.

We shall analyze the shortest common superstring in Chapters 4 and 5.
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1.5 String Editing Problem

The string editing problem arises in many applications, notably in text editing, speech recog-
nition, machine vision and molecular sequence comparison (cf. [445]). Algorithmic aspects
of this problem have been studied rather extensively in the past (cf. [19, 323, 375, 445]).
In fact, many important problems on words are special cases of string editing, including the
longest common subsequence problem (cf. [77, 67, 375]). In the following, we review the
string editing problem and its relationship to the longest path problem in a grid graph.

Let Y be a string consisting of £ symbols over the alphabet A. There are three operations
that can be performed on a string, namely deletion of a symbol, insertion of a symbol, and
substitution of one symbol for another symbol in A. With each operation is associated a
weight function. We denote by Wr(y;), Wp(y:) and Wg(z;,y;) the weight of insertion and
deletion of the symbol y; € A, and substitution of z; by y; € A, respectively. An edit script
on Y is any sequence of edit operations, and the total weight is the sum of weights of the
edit operations.

The string editing problem deals with two strings, say Y of length ¢ (for fong) and X
of length s (for short), and consists of finding an edit script of minimum (maximum) total
weight that transforms Y into X. The maximum (minimum) weight is called the edit distance
from X to Y, and it is also known as the Levenshtein distance. In molecular biology, the
Levenshtein distance is used to measure similarity (homogeneity) of two molecular sequences,
say DNA sequences (cf. [375]).

The string edit problem can be solved by the standard dynamic programming method.
Let Chax(7,7) denote the maximum weight of transforming the prefix of Y of size i into the
prefix of X of size j. Then (cf. [19, 323, 445])

Cmax(iaj) = maX{Cmax(i —-1,7— 1) + WQ(xiayj)a Cmax(i - 17j)
+ WD(xi)acmax(ivj - 1) + Wf(y])}

forall 1 <i</{and 1< j <s. We compute Chax(i,j) row by row to finally obtain the
total cost Cax = Cmax (¥, $) of the maximum edit script. A similar procedure works for the
minimum edit distance.

The edit distance can be conveniently represented on a grid graph. The key observation
is to note that interdependency among the partial optimal weights Ciyax (4, j) induces an £ x s
grid-like directed acyclic graph, called a grid graph. In such a graph vertices are points in
the grid and edges go only from (i,7) to its neighboring points, namely, (i, + 1), (i + 1,)
and (1 4+ 1,7 4+ 1). A horizontal edge from (i — 1,j) to (4,j) carries the weight W;(y;); a
vertical edge from (i,5 — 1) to (4,7) has weight Wp(x;); and finally a diagonal edge from
(t—1,5 —1) to (i,j) is weighted according to Wg(x;,y;). Figure 1.8 shows an example of
such an edit graph. The edit distance is the longest (shortest) path from the point O = (0,0)
to B = (,s).
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(@) W

Wp Wao

/ / E

Figure 1.8: Example of a grid graph of size £ =4 and s = 3.

Finally, we should mention that by properly selecting the distributions of W;, Wp and
Wq we can model several variations of the string editing problem. For example, in the
standard setting the deletion and insertion weights are identical, and usually constant, while
the substitution weight takes two values, one (high) when matching between a letter of X
and a letter of Y occurs, and another value (low) in the case of a mismatch (e.g., in the
Longest Common Subsequence problem [67, 375], one sets Wr = Wp =0, and Wy = 1 when
a matching occurs, and Wy = —oo for a mismatch).

We shall analyze the edit distance problem in Chapter 5.

1.6 Optimization Problems

In the previous two sections we have seen that combinatorial optimization problems on graphs
often arise in the design and analysis of algorithms and data structures on sequences. Un-
doubtedly, these problems are also a source of exciting and interesting probabilistic problems.
Therefore, in this final section we present a fairly general description of optimization prob-
lems.

We consider a class of optimization problems that can be formulated as follows: Let n
be an integer (e.g., number of vertices in a graph, size of a matrix, number of strings in a
digital tree, etc.), and S,, a set of objects (e.g., set of vertices, elements of a matrix, strings,
etc). We shall investigate the behavior of the optimal values Z,ax(Sy,) and Znin(Sy,) defined
as follows

Zmax(Sn) = max Z wi (@) y Zmin(Sp) = min Z wi(a) p (1.9)

QEBn
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and

Zmax(Sp) = max{ min wi(a)} y Zmin(Sp) = min { max wi(a)}, (1.10)

a€Bn | i€Sh () a€Byn | 1€Sn ()

where B, is a set of all feasible solutions, S, («) is a set of objects from S,, belonging to the
ath feasible solution, and w;(a) is the weight assigned to the ith object in the ath feasible
solution. We often write Zyax and Zyiy instead of Zyax(Sp) and Zmin(Sy), respectively.

For example, in the traveling salesman problem, B,, represents the set of all Hamiltonian
paths in a graph built over n vertices, S, () is the set of edges belonging to the ath Hamilto-
nian path, and w;(«) is the length (weight) of the ith edge. Traditionally, formulation (1.9) is
called the optimization problem with sum-objective function, while (1.10) is known as either
the capacity optimization problem (Zmax) or the bottleneck optimization problem (Zyin).

Certainly, combinatorial optimization problems arise in many areas of science and engi-
neering. Among others are the capacity and bottleneck assignment problem (see Exercise 11)
the (bottleneck and capacity) quadratic assignment problem, the minimum spanning tree,
the minimum weighted k-clique problem, geometric location problems, and some others not
directly related to optimization (but of interest to us), such as the height and depth of digital
trees (see Sections 4.2.4-4.2.6), the maximum queue length, and hashing with lazy deletion
(cf. [6]), pattern matching (cf. [28]), the shortest common superstring, and the longest
common subsequence, discussed in the previous subsections.

We return to the general optimization optimization problem in Chapter 5 (see Exer-
cise 5.17).

1.7 Exercises

1.1 Prove (1.5)—(1.8) of Theorem 1.3.

1.2 Establish combinatorial relationships between PATRICIA and digital trees parameters
and the alignments {Cj;}}_;, as we did in Theorem 1.3 for tries.

1.3 Parse and build the Lempel-Ziv’77 and Lempel-Ziv’78 codes for the following sequence:
X = ababbbaabbbabbbbababbb. How will the parsing and the code change when general-
ized LZ78 is used with b = 4.

1.4 Fix an integer b > 1. Generalize the Lempel-Ziv’77 scheme in a manner similar to the
way we generalized the Lempel-Ziv’78 scheme in Section 1.2.3.

1.5 Consider the FDLZ, that is, the fixed database version of the Lempel-Ziv scheme. Let
the database sequence be denoted as X7 and the source sequence be X{. The source
sequence is partitioned into phrases of length I, Io, ..., Ix where K is the total number
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of phrases (i.e., I +--- 4 I = M). Show that the compression ratio r,,(X{/) can be
expressed as

1 K
Z logon + O(log 1)) .
z:l

1.6 Given a sequence of length n, derive a closed-form formula for the code lengths of the
LZ77, LZ78 and the generalized-LZ78 schemes in terms of the number of phrases M,,,
the size of the alphabet V', and the parameter b.

1.7 Construct the compression code for X = ababbbaabbbabbbbababbb using the lossy LZ77
with D = 0.3 assuming the Hamming distance.

1.8 Compute the complexity C,, introduced in Definition 1.4 for H = abab and T' = abbbbabababbbab
when the KMP algorithm is used to find all occurrences of H in T.

1.9 Construct the optimal and the three greedy heuristics RGREEDY, GREEDY, and
MGREEDY for the common superstring of X' = ababababa, X? = bbbbbbbb, X3 =
aaaaaaaaa, X* = babbbaaa and X° = bbaabbaabbaa.

1.10 Find the longest common subsequence of X = abcccabbbbbabab and Y = cabbbabababb
over A= {a,b,c}.

1.11 Determine the feasible set B,, and set of objects S, for the shortest common superstring
problem and the longest common subsequence problem.
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Chapter 2

Probabilistic and Analytical Models

Summary: We first discuss several probabilistic models that are used throughout this book.
Then we briefly review some basic facts from probability theory (e.g., types of stochastic
convergence) and complex analysis (e.g., Cauchy’s residue theorem). We conclude with a
brief discussion of certain special functions (e.g., Euler’s gamma function, and Riemann’s
zeta function) that we shall use throughout the book.

ATA STRUCTURES AND ALGORITHMS on strings are used in a variety of applica-

tions, ranging from information theory, telecommunications, wireless communications,
approximate pattern matching, molecular biology, game theory, coding theory, and source
coding to stock market analysis. It is often reasonable, and sometimes sine qua non, to
assume that strings are generated by a random source of known or unknown statistics. Ap-
plications often dictate what is a reasonable set of probabilistic assumptions. For example, it
is inappropriate to postulate that suffixes of a (single) sequence are independent, but experi-
ments support the claim that bits in a hashing address form an independent sequence, while
bases in a DNA sequence should be modeled by a Markov chain. We propose a few basic
(generic) probabilistic models that one often encounters in the analysis of problems on words.
We use them throughout the book. Finally, we review some facts from probability theory
and complex analysis, and finish this chapter with a brief discussion of special functions that
often arise in the analysis of algorithms.

2.1 Probabilistic Models of Strings

Throughout this book, we shall deal with sequences of discrete random variables. We write
{X}}72, for a one-sided infinite sequence of random variables; however, we often abbreviate
it as X provided it is clear from the context that we are talking about a sequence, not
a single variable. We assume that the sequence {X}}7° is defined over a finite alphabet

25
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A ={wi,...,wy} of size V. A partial sequence is denoted as X\, = (X, ..., Xy) for m < n.
When more than one sequence is analyzed (as in the digital trees) we either use an upper
index to denote sequences: X' = {X}}%°, ..., X™ = {X["}%°, for m sequences; or we
write X (1) = {Xp(1)}72,,..., X(m) = {Xi(m)}32,. Finally, we shall always assume that a
probability measure exists, and we write P(X7) = Pr{Xy =z, 1 <k <n, x) € A} for the
probability mass, where we use lowercase letters for a realization of a stochastic process.

Sequences are generated by information sources, usually satisfying some constraints. We
also call them probabilistic models. We start with the most elementary source, namely the
memoryless source.

(B) MEMORYLESS SOURCE

Symbols of the alphabet A = {wi,...,wy} occur independently of one another; thus
X = X1X2X3... can be described as the outcome of an infinite sequence of Bernoulli
trials in which Pr{X; = w;} = p; and Zz“/:M?i =1 Ifpr=p=...=py =1/V,
then the model is called symmetric or the source is unbiased; otherwise, the model is
asymmetric or the source is biased. In this book, we often consider the binary alphabet
A = {0, 1} with p being the probability of “0” and ¢ = 1 — p the probability of “17.

When one deals with many strings (e.g., when building a digital tree), it is necessary to say
whether the strings are dependent.

In many cases, assumption (B) is not very realistic. For instance, if the strings are words
from the English language, then there is certainly a dependence between consecutive letters.
For example, h is much more likely to follow an s than a b. When this is the case, assumption
(B) can be replaced by:

(M) MARKOV SOURCE

There is a Markovian dependency between consecutive symbols in a string; that is,
the probability p;; = Pr{Xy+1 = wj| X} = w;} describes the conditional probability of
sampling symbol w; immediately after symbol w;. We denote by P = {pij}z",/jzl the
transition matrix, and by w = (71, ..., 7y) the stationary vector satisfying wP = 7. In
general, X1 may depend on the last r symbols, and then we have rth order Markov
chains (however, in this book we mostly deal with r = 1).

In information theory Markov sources are usually denoted as Sy (i.e., set of states). A
generalization of Markov sources is the so-called finite state source (cf. [163]) or hidden
Markov source (cf. [75]) in which the output string X} is a function of a Markov source
Sk, that is, Xy = f(Sk) for some function f(-). Finally, if in a finite state source the current
state, say Sy, is computable from the current source sample X} and previous state Sk_1 (i.e.,
Sk = g(Sk—1, X)) for some function g), then the source is called the unifilar source (cf.
[163]).
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There are two further generalizations of Markovian sources, namely the mixing source
and the stationary ergodic source, that are very useful in practice, especially for dealing
with problems of data compression or molecular biology when one expects long dependency
among symbols of a string.

(MX) (STRONGLY) ¢-MIXING SOURCE

Let F}, be a o-field generated by {Xj}}p_,, for m < n. The source is called mizing,
if there exists a bounded function (g) such that for all m,g > 1 and any two events

A € F" and B € Fy, , the following holds

(1 —v(g))Pr{A}Pr{B} < P{AB} < (1 + ¢(g))Pr{A}Pr{B}. (2.1)
If, in addition, lim, .o % (g) = 0, then the source is called strongly mixing.

In words, model (MX) postulates that the dependency between {Xj};*, and {X;}72, . is
getting weaker and weaker as g becomes larger (note that when the sequence {Xj} is i.i.d.,
then Pr{AB} = Pr{A}Pr{B}). The “quantity” of dependency is characterized by 1 (g) (cf.
[49, 58, 117]). Occasionally, we write the ¢)-mixing condition in an equivalent form as follows:
There exist constants ¢; < ¢ such that

c1Pr{A}Pr{B} < Pr{AB} < coPr{A}Pr{B} (2.2)

for all m,g > 1. In some derivations, we shall require that ¢; > 0 which will impose further
restrictions on the process (see Theorem 2.1 below).
A weaker mixing condition, namely ¢-mizing is defined as follows:

—¢(9) < Pr{B|A} — Pr{B} <¢(g), Pr{A} >0, (2.3)

provided ¢(g) — 0 as g — oo. In general, strongly t-mixing implies ¢-mixing but not wvice
versa (cf. [58]). In this book, we shall mostly work with the (strongly) -mixing condition.

The following result shows that Markov sources are special cases of strongly mixing
sources.

Theorem 2.1 If X}, is a finite-state irreducible stationary aperiodic Markov chain, then X}
s a strongly Y-mixing process, hence also ¢-mizing.

If, in addition, the transition probabilities p;; > 0 for all 1,5 € A, then the Markov chain is
Y-mizing with the constant ¢y > 0 in (2.2).

Proof. We shall follow here Karlin and Ost [229]. Define two events

A = {Xy, =01, Xy, =l2,...,Xs, =im} 1 <t < - <tpm,
Bg = {X81+g:j17X52+g:j27"'7XSr+g:j’r'} by <81 <82 <0 < 8y
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for any g > 0. Without loss of generality, we assume that Pr{A} > 0 and Pr{B,;} > 0. By
the Markov property

Pr{AN Bg} = Pr{Bg|Xsl+g = jl}Pr{XS1+g = j1l1X4,, = im}Pr{A}
Pr{Xlerg = j1|1X4,, = im}
Pr{X81+g :jl}

Since X is an irreducible aperiodic Markov chain over a finite alphabet, it is ergodic, and
since it is also a stationary chain its stationary distribution is Pr{X; = i} for every ¢t > 0. We
also know from Perron-Frobenius theorem (see Table 4.1 in Chapter 4) that the transition
probability Pr{X,, +4 = j1|Xt, = im} converges exponentially fast to Pr{X, +, = j1}. That
is, there exists p < 1 (which is related to the second largest eigenvalue of the transition matrix
of the Markov chain) such that

= Pr{A}Pr{B,} (2.4)

Pr{Xs,+g = 511 Xt,, = im} -
Pr{Xs 49 =J1}

1| =00 (2.5)

as g — oo. This and (2.4) imply that
(1 =0(p?))Pr{A}Pr{By} < Pr{AN By} < (14 O(p?))Pr{A}Pr{B},

which proves the first part of the theorem.
To show that ¢; > 0 when p;; > 0 for all 7,5 € A observe that by (2.4)

Pr{AN By} = C;;(g)Pr{A}Pr{B,}

where

Pr{ Xy, 40 = j|X;, =i
H{Xo14g = J}

Clearly, Pr{X 44 = j} > 0 for all j € A. Furthermore, if p;; > 0 for all i,j € A, then

C;(1) > 0 and hence C;;(g) > 0 for all g > 1. Setting ¢; = min; je 4infy>1{C;;(g)} and using

(2.5), we establish the announced result. n

The most general probabilistic model is the stationary ergodic source in which we only
assume that the sequence is stationary and ergodic.

(S) STATIONARY AND ERGODIC SOURCE
The sequence {X}}7°, of letters from a finite alphabet is a stationary and ergodic

sequence of random variables.

In the stationary model, the probability mass Pr{X{" = 2]} does not depend on time-shift,

that is, if m is an integer, then for every n and m the following holds Pr{X]{" = 27} =
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Pr{X7 = z7}. It turns out that a stationary distribution may be approximated by a k order
Markov distribution (see Section 4.2.1). Such an approximation becomes asymptotically
accurate as k — oo (see Theorem 6.33 in Chapter 6). In passing we should point out that
the memoryless source and Markov source may be either stationary or not. In this book, we
shall always work with stationary models, unless stated otherwise.

Recently, B. Vallée introduced in [431] (cf. also [68]) new probabilistic dynamical sources
that are based on the theory of dynamical systems. The basic idea is to assign an infinite
sequence to a real number z in the interval [0, 1] (e.g., the binary expansion of z, the continued
fraction expansion of x). A probabilistic behavior of such sources is induced by selecting the
initial x according to a given density function.

2.2 Review of Probability

Probability theory is a basic tool in the average-case analysis of algorithms. We shall learn in
this book a considerable number of probabilistic tricks that provide insights into algorithmic
behavior. In this section, we briefly review some elementary definitions and results from
probability theory. The reader is referred to Billingsley [49], Durrett [117], Feller [122, 123],
and Shiryayev [389] for more detailed discussions.

In this book, we mostly deal with discrete random variables. Let X, denote the value
of a parameter of interest depending on n (e.g., depth in a suffix tree or a trie built over n
strings). We write Pr{X,, = k} for the probability mass of X,,. The expected value or the
mean E[X, ] and the variance Var[X,,] are computed in a standard way as:

E[X,] = i kPr{X, =k},
k=0
Var[X,| = i(k — E[X,])?Pr{X, = k}.
k=0

We also write E[X"] = Y72, k"Pr{X,, = k} for the rth moment of X,,. Finally, we write I(A)
for the indicator function, that is, I(A) = 1 when the event A occurs, and zero otherwise.

Below, we first discuss some standard inequalities for expectations, and then review types
of stochastic convergence.

2.2.1 Some Useful Inequalities

We review here some inequalities that play a considerable role in probability theory; they are
often used in the probabilistic analysis of algorithms.

Markov’s Inequality For a nonnegative function g(-) and a random variable X the following
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holds

Prig(x) > 1) < ZAX] (2:6)

for any t > 0. Indeed, we have the following chain of obvious inequalities
E[g9(X)] = E[g(X)I(9(X) > t)] = tE[I(g(X) > t)] = tPr{g(X) > t},

where we recall that I(A) is the indicator function of the event A.

Chebyshev’s Inequality If one replaces g(X) by |X — E[X]|? and ¢ by t? in the Markov
inequality, then
Var[X]

Pr{|X — E[X]| >} < ——,

(2.7)
which is known as Chebyshev’s inequality.

Schwarz’s Inequality (also called Cauchy-Schwarz) Let X and Y be such that E[X?] < oo
and E[Y?] < co. Then
E[IXY[? <EX’E[Y?], (2.8)

where throughout the book we shall write E[X]? := (E[X])%.

Jensen’s Inequality Let f(-) be a downward convex function, that is, for A € (0,1)

Af@)+ (1 =Nf(y) = fAz+ (1= Ay) .

Then
F(E[X]) <E[f(X)], (2.9)

with the equality holding when f(-) is a linear function.

Minkowski’s Inequality If E[|X|P] < oo, and E[|Y|P] < oo, then E[|X + Y|P < 0o and
E[|X +Y[]Y? < B[ X[]Y? + B[y |7]/? (2.10)

for 1 <p< oo.

Holder’s Inequality Let 0 < 6 <1, and E[X] < oo, E[Y] < co. Then

E[XY'- < E[X]°E[Y]'~°. (2.11)

Inequality on Means Let (p1,p2,...,p,) be a probability vector (i.e., >.iryp; = 1) and
(a1,...,a,) any vector of positive numbers. The mean of order b # 0 (—oco < b < o0) is
defined as
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The inequality on means asserts that M, (b) is a nondecreasing function of b, that is,

r<s = M, (r) < M,(s), (2.12)
where the equality holds if and only if a1 = ag = - -+ = a,. Furthermore, Hilbert’s inequal-
ity on means states

bliznoo M, (b) = min{ay,...,a,}, (2.13)

bli)rgo M, (b) = max{a,...,a,}. (2.14)

We shall see in Chapter 4 that Markov’s inequality and Chebyshev’s inequality constitute
a foundation for the so-called first and second moment methods. These two simple methods
are probably the most often used probabilistic tools in the analysis of algorithms.

2.2.2 Types of Stochastic Convergence

It is important to know various ways that random variables may converge. Let X,, = {X,,,n >
1} be a sequence of random variables, and let their distribution functions be F,,(z), re-
spectively. A good, easy-to-read account on various types of convergence can be found in
Shiryayev [389].

The first notion of convergence of a sequence of random variables is known as conver-
gence in probability. The sequence X, converges to a random variable X in probability,
denoted X,, — X (pr.) or X,,25X, if for any € > 0

nlLIgOPr{|Xn—X| <ep=1.

It is known that if X, & X, then f(X,) 2 f(X) provided f is a continuous function (cf.
[49, 117]). The reader is asked to prove this fact in Exercise 6.

Note that convergence in probability does not say that the difference between X,, and X
becomes very small. What converges here is the probability that the difference between X,
and X becomes very small. It is, therefore, possible, although unlikely, for X,, and X to differ
by a significant amount and for such differences to occur infinitely often. A stronger kind
of convergence that does not allow such behavior is called almost sure convergence or
strong convergence. This convergence assures that the set of sample points for which X,
does not converge to X has probability zero. In other words, a sequence of random variables
X, converges to a random variable X almost surely, denoted X,, — X (a.s.) or Xn(cg')X, if
for any € > 0,

lim Pr{sup | X, - X|<e}=1.
N—oo n>N
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From this formulation of almost sure convergence, it is clear that if X,, — X (a.s.), the
probability of infinitely many large differences between X,, and X is zero. As the term strong
implies, almost sure convergence implies convergence in probability.

A simple sufficient condition for almost sure convergence can be inferred from the Borel-
Cantelli lemma presented below.

Lemma 2.2 (Borel-Cantelli) If >°°  Pr{| X, — X| > €} < oo for every e > 0, then X, “
X.

Proof. It follows directly from the following chain of inequalities

Pr{sup [X, - X|> e} =Pr{ | J (|1 Xn = X|>€)} < > Pr{|X, - X|>¢€} 0.
n>N

n>N n>N

The inequality above is a consequence of the fact that the probability of a union of events is
smaller than the sum of the probability of the events. The last convergence is a consequence
of our assumption that Y o2, Pr{|X,, — X| > €} < 0. n

A third type of convergence is defined on the distribution functions F,(x). The sequence
of random variables X,, converges in distribution or converges in law to the random
variable X, denoted X, X if

Jim F,(x) = F(z) (2.15)

for each point of continuity of F'(x). One can prove that the above definition is equivalent to
the following: X, <4 x if
lim BIf(X,)] = BIf(X)] (2.16)

for all bounded continuous functions f. We shall return to this type of convergence in Chap-
ter 8.

The next type of convergence is the convergence in mean of order p or convergence
in LP which postulates that E[|.X,, — X|P] — 0 as n — co. We write it as X, 2 x. Finally,
we introduce convergence in moments for which lim,,_.. E[X?] = E[X?] for any p > 1.

We now describe relationships (implications) between various type of convergence. The
reader is referred to [49, 117, 389] for a proof.

Theorem 2.3 We have the following implications:

X, 2X = X, 2 X, (2.17)
X, 2x = x,%x, (2.18)
X, 2x = x,%x (2.19)
X, 2 X = E[X?]— E[X?] (2.20)

No other implications hold in general.
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It is easy to devise an example showing that convergence in probability does not imply
convergence in mean (e.g., take X,, = n with probability 1/n and zero otherwise). To
obtain convergence in mean from the convergence in probability one needs somewhat stronger
conditions. For example, if |X,| <Y and E[Y] < oo, then by the dominated convergence
theorem (cf. [49, 117]) we know that convergence in probability implies convergence in mean.
To generalize it, one introduces the so called uniform integrability. It is said that a
sequence {X,,, n > 1} is uniformly integrable if

sup E[| X, |I(| X,] > a)] — 0 (2.21)
n>1
when a — co. The above is equivalent to

lim sup/ xdF,(z) = 0.
|z|>a

a—00 TlZ 1

Then the following is true (cf. [49, 117]): if X,, is uniformly integrable, then X,, = X implies
P
X, > X.

2.3 Review of Complex Analysis

Much of the necessary complex analysis involves the use of Cauchy’s integral formula and
Cauchy’s residue theorem. Here, we informally recall a few facts from analytic functions,
and then discuss the above two theorems. We shall return to them in Part III. For precise
definitions and formulations the reader is referred to many excellent books such as Henrici
[195], Hille [196], Remmert [363] or Titchmarsh [424]. We shall follow here Flajolet and
Sedgewick [149].

The main topic of this section is analytic function, its definitions, properties, and a few
applications. Analytic functions can be characterized by one of three equivalent ways: by
convergent series, by the differentiability property, and by integrals vanishing on cycles. In
discussing these three definitions, we introduce the necessary concepts from complex analysis.

Convergent Series. A function f(z) of a complex variable z is analytic at point z = a if it
has a convergent series representation in a neighborhood of z = a, that is,

f(z)= Z fulz —a)™, z € B(a,r),

n>0

where B(a, ) is a ball with center a and radius » > 0. From this definition, one immediately
concludes that if f(z) and g(z) are analytic, then f(z) + g(2), f(2)g(z), and f(z)/g(z) with
g(z) # 0 are analytic, too. Furthermore, the above implies that if f(z) is analytic at z = a,
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then there is a disk called the disk of convergence such that the series representing f(z) is
convergent inside this disk and divergent outside the disk. The radius of this disk is called
the radius of convergence. In Chapter 7 we discuss this in depth; in particular, we prove
Hadamard’s theorem (see Theorem 7.1), which gives the radius of convergence of a series in
terms of its coeflicients.

Holomorphic Function. An equivalent name for analytic functions is holomorphic. A
holomorphic function f(z) has a derivative at a point z = a defined as

df(z) . fz+A2) - f(2)
s T Al A-

that does not depend on the way Az goes to zero. Riemann proved that a holomorphic
function is analytic, that is, it has a local convergent series representation.

Integrals. Finally, we discuss the very important concept of complex integrals. We should
first define a simply connected domain as an open connected set having the property that
any simple closed path (cf. [363]) can be continuously deformed to a point inside this set.
It is a basic fact of complex analysis that if f(z) is an analytic function on an open simply

connected set, then
F16= [ 1) =

along any closed path C inside this set. This fact actually is equivalent to analyticity of f(z).
It is worth knowing that one can bound the integrals as follows:

[

where |C| is the path length of the curve C. Finally, we cite one more result that plays a
significant role in the analysis (cf. [363]).

< |Clmax{[f(2)|} (2.22)

Theorem 2.4 (i) Let C be a piecewise continuous differentiable path and Q a region. If
g(w, z) is continuous on C X Q and for every w € C the function g(w, z) is analytic in 2, then

the function
= [Lote.2)as

is analytic in .
(ii) The function
h(z) = / Ft, 2)dt

is an analytic function of z at all points z if: (i) the integral converges; (ii) f(z,t) is an
8f( t)

analytic function of z and t; (iii) is a continuous function of both variables; (iv) the

integral [° 8f - t) dt converges umformly
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Example 2.1: A Simple Integral

In complex analysis a circular integral over z=" for n = 0,1, ... plays a very special role.
Observe that this function is not analytic at z = 0. It is easy to see that
1 .
ng o —omi(n—1) 3 _ 2mi forn =1
7{2 dz 271'2/0 e dt { 0 otherwise (2.23)

where we substituted z = ¢*™. We shall often use this simple fact throughout the book. O

Meromorphic Functions and Residues. A quotient of two analytic functions gives a
meromorphic function that is analytic everywhere but a finite number of points called poles,
where the denominator vanishes. More formally, a meromorphic function f(z) can be repre-
sented in a neighborhood of z = a with z # a by the Laurent series as:

&)= > falz—a)"
n>—M

for some integer M. If the above holds with f_jp; # 0, then it is said that f(z) has a pole
of order M at z = a. An important tool frequently used in complex analysis is the residue.
The residue of f(z) at a point a is the coefficient at (2 — a)~! in the Laurent expansion of
f(z) around a, and it is denoted as

Res[f(2); z=a] := f-1 = lim (= — a) f(2).

There are many simple rules to evaluate residues and the reader can find them in any standard
book on complex analysis (e.g., [195, 363]). For example, if f(z) and g(z) are analytic around
z = a, then

M-z:a:f(a) a) = "(a .
Rell s ca = 28 g =0 g £ (2.24)
if g(z) is not analytic at z = a, then
Res[f(2)9(2); z = a] = f(a)Res[g(z); 2= al. (2.25)

Evaluating residues of multiple poles is much more computationally involved. Actually, the
easiest way is to use the series command in MAPLE that produces a series development
of a function. The residue is simply the coefficient at (2 — a)~!. For example, the following
session of MAPLE computes the series expansion of f(z) = 1/(1 —2%)? at z = 0:

> series(1/(1-2"2z)"2, z=0, 4);

1 ., 1 _, 5
m2)r® ¢ T tol)
From the above we see that Res[f(2); z = 0] = 5.

Residues are very important in evaluating contour integrals as demonstrated by the fol-
lowing theorem.
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Theorem 2.5 (Cauchy Residue Theorem) If f(z) is analytic within and on the bound-
ary of a simple closed curve C except at a finite number of poles ay,as,...,an inside of C
having residues Res[f(z); z = a1],...,Res[f(z); z = an], respectively, then

1 N
5 /C f(z)dz = jZIReS[f(Z); 2= aj]

where the curve C is traversed counterclockwise.

Sketch of Proof: Let us assume there is only one pole at z = a. Since f(z) is meromorphic,
it has a Laurent expansion, which after integration over C leads to

d
/f(z)dz = Z fn/(z - a)"dz—l—f_1/ G- 2miRes[f(z),z = al,
C n>0 C cz—a
since the first integral is zero by the calculation of Example 1. |

The Cauchy residue theorem can be used to prove the next very important result, namely
Cauchy’s Integral Theorem. In Part III of this book, it will be the most often used
paradigm.

Theorem 2.6 (Cauchy Coefficient Formula) Let f(z) be analytic inside a simply con-
nected region with C being a closed curve oriented counterclockwise that encircles the origin
z=0. Then

d
fui= 1) = 5= § 1) Sy (226)
Also, the following holds
k! w)dw
16 = g f (227

where f¥)(2) is the kth derivative of f(z).

Proof: These formulas are direct consequences of Cauchy’s residue theorem. Indeed,

fu = () = Reslf ()= 2 =01 = 5 f f(o) oy

Throughout this book, we shall write [2"]f(z) for the coefficient of f(z) at 2. n

We finish this section with two examples that illustrate what we have learned so far. The
second example is particularly important since we shall do this type of calculation quite often
in Part III.

Example 2.2: Liouville’s Theorem
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We prove the following theorem of Liouville: If a function f(z) is analytic in the whole
complex plane C and |f(z)| < B for some constant B, then f(z) must be constant. Let us
first assume that f(z) = B. Then by Example 1 we show that f, = 0 for n > 1. Conversely,
let |f(z)| < B. Then f, = O(R™™) for any R (it doesn’t matter how large) by (2.26) and
(2.22), so f, must be zero except for n = 0. O

Example 2.3: Ezpansion of Meromorphic Functions

Let f(z) be meromorphic for |z| < R with isolated poles at ay,...,a,. Then
fo = ["1(2) = =D Res[f(2)z7" 7,z = qj] + O(R™™).
j=1

Indeed, let us compute the following integral

1 dz
In =5~ jé F&)
where the integration is along a circle of radius R and center at the origin. Observe that the
circle of radius R contains all the poles of the function in addition to the pole at z = 0. On
one hand, by our estimate (2.22) this integral is |I,,| = O(R™) (since f(z) is analytic on the
circle of radius R). On the other hand, inside the circle of radius R there are poles at z = 0
and z = a;. The pole at z = 0 contributes f,, by Cauchy’s coefficient formula while the poles
at z = a; contribute Res[f(z)z~""!, 2z = a4], which leads to our result. We shall return to
these estimates in Section 8.3.1. O

2.4 Special Functions

In this subsection, we review properties of two special functions: Euler’s gamma function
and Riemann’s zeta function. Both are used very frequently in the average-case analysis
of algorithms. We shall meet them quite often in Part III of this book. There are many
excellent books treating these functions in depth. The reader might inspect a new book of
Temme [422], an excellent account on special functions and asymptotics by Olver [331], and
an old, traditional (but still in use) book of Whittaker and Watson [448]. The new book [14]
by Andrews, Askey and Roy is also excellent. Here we will follow Temme [422]. A full list
of properties for these special functions can be found in the handbook of Abramowitz and
Stegun [2] and the three-volume opus on transcendental functions [35] by H. Bateman.

2.4.1 Euler’s Gamma Function

A desire to generalize n! to the complex plane led Euler to introduce one of the most useful
special functions, namely, the gamma function. It is defined as

I'(z) = /Ooo t*~le7tdt,  R(z) > 0. (2.28)
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To see that the above integral generalized n!, let us integrate it by parts. We obtain

Mz+1)=— /OO t*d (e_t) = zI'(2). (2.29)

0
Observe now that I'(1) = 1, and then I'(n + 1) = n! for n natural, as desired.

Analytic Continuation. We now analytically continue the gamma function to the whole
complex plane. We first extend the definition to —1 < R(z) < 0 by considering (2.29) and
writing

I'(z+1)

I'(z) = — -1 <R(z) <O.

Since I'(z + 1) is well defined for —1 < R(z) < 0 (indeed, R(z + 1) > 0), we can enlarge the
region of definition to the strip —1 < R(z) < 0. However, at z = 0 there is a pole whose
residue is easy to evaluate; that is,

Res[['(z); z = 0] = lim 2I'(z) = 1.

z—0
Now we can further extend to —2 < R(z) < —1 by applying (2.29) twice to get

I'(z+2)

T(z)=——"2 2 ~1.
O)=frge 2<RE)<
Observe that

Res[['(z);2 = —1] = lilrril1 (z+1DI'(z) = —1.

In general, let us assume we have already defined I'(z) up to the strip —n < R(z) < —n + 1.
Then, extension to —n — 1 < R(z) < —n is obtained by

T 1
Iz = (z+n+1) '
z(z+1)(2+n)
The residue at 2 = —n becomes
. (=)™
Res[['(2);2 = —n] = lim (z +n)['(2) = (2.30)

z—-n n!

forallm =0,1,... . The above formula is the most useful, and certainly responsible for many

applications of the gamma function to discrete mathematics and the analysis of algorithms.
The reader should take a good look at it.

Beta Function. Closely related to the gamma function is the beta function defined as

B(w,z) = /01 t= 1 —t)*"tdt,  R(w) >0 and N(2) > 0. (2.31)



39 Probabilistic and Analytical Models

The reader is asked to prove in Exercise 11 the following formula that relates the gamma and

the beta functions:
I'(w)l'(2)

M(w+2)
The beta function is often used to prove properties of the gamma function (e.g., see Exer-
cises 14 and 16).

B(w,z) = (2.32)

Infinite Products. In 1856, Weierstrass defined the gamma function as
S ze* ﬁ [(1 + E) e_z/”}
I'(z) - n ’
n=1
where the constant v is known as Euler’s constant and is computed as

1
v = lim (Z =~ In(n+ 1)) = 0.5772157... .

n—oo
k=1
Using this definition of v, and some algebraic manipulation the reader is asked in Exercise 12

to derive the following Euler’s product representation:

nln®

I'(z) = li .
(Z) n1—>r%oz(z_|_1)(z+n)
In Exercise 13 we suggest showing that the above representation is equivalent to the integral
formula (2.29) for R(z) > 0.

Gamma Function on Imaginary Line. Several applications of the gamma function follow
from its desirable behavior for purely imaginary variable; that is, for z = iy where y € R. Let
us start with the well-known reflection formula of the gamma function (see Exercise 14):

I'(z)I'(1-2)= Z. 2.33
(AP-2) =" =¢ (2.33)
Set now z = iy for y € R and use (2.29) to get
i
D(iy)D(—iy) = ————.
()T (—iy) e ———

But since —isiniy = sinhy = (e¥ — e™Y) /2, we finally derive
L(iy)I'(—iy) = [ (iy)|

9 7r
~ ysinhmy’

where we also use the fact that I'(—iy) is conjugate to I'(iy), that is, I'(—iy) = I'(iy) (in gen-
eral, I'(Z) =T'(z)). A consequence of the above identity is the following important asymptotic
property of the gamma function

2
|r<iy>|~\/ﬁe*’f'y‘/2 as |y — oo, (2.34)
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where f(z) ~ g(z) if lim,_. 58 = 1 (see Section 8.1.1 for a precise definition). The above

shows that the gamma function decays exponentially fast on the imaginary line. In general,
using (2.29) one can show that

IT'(z +iy)| ~ v27r]y\x_%e_”|y‘/2 as |y|] — foo (2.35)

for any x € R.

Asymptotic Expansions. In many applications Stirling’s asymptotic formula for n! proves
to be extremely useful. Not surprisingly then, the same is true for asymptotic expansion of
the gamma function. It can be proved [422, 448] that (see Example 8.3 in Chapter 8)

1 1
I(2) = V22" 3¢ (14 — .
(2) = vam=""2e ( T2 o T )
for z — oo when |arg(z)| < 7.
The above asymptotic is helpful in deriving another approximation for large z. Let us
consider the ratio of I'(z + a) and I'(z + b) for large z. To see how it behaves, consider

I'(z)

Mz = ————
(=) \/27rzz_%e_z

i

which tends to one as z — oo. Then,

Peta) o I(+b)

L S ) b

['(z+0b) ‘ r*(z + b)Q(Z’ a,%),
where Q(z,a,b) = 14+0(1/2) as z — oo. Hence, the above ratio is approximately z%~°. More
precisely

_JJL(z+a) (a—=b)(a+b—-1)

b—a 2

— =1 1 2.

z (=1 0) + 5 +0(1/z%) (2.36)
as z — oo along any curve joining z = 0 and z = oo providing z # —a,—a — 1,..., and
z# —b,—b—1,.... A full asymptotic expansion of this ratio can be found in Exercise 16 and

in Temme [422].

Psi Function. The derivative of the logarithm of the gamma function plays an important
role in the theory and applications of special functions. It is known as the psi function and

is defined as: J o
P(z) = —InT'(2) = F((zz))

Using Weierstrass’s product form of the gamma function, one can derive the following

i 1 1
¢@):—y+g%<n+1—z+n>, 2#0,-1,-2,.... (2.37)
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From the above, we conclude that the psi function possesses simple poles at all nonpositive
integers, and
Res[t)(2);z2 = —n] = lim (z+n)Y(z) =—-1, neN (2.38)
zZ——n

Laurent’s Expansions. As we observed above, the gamma function and the psi function
do have simple poles at all nonpositive integers. Thus one can expand these functions around

z = —n using the Laurent’s series. The following is known (cf. [422]):
1
T = 1 2.39
@ = SF g e (2.39)

gt n) (234 4P+ 1)~ (0 + 1)) +O((z +n)?),

= —1 m 7 z TL -1 .
V(z) = (z+) +1) +Z< +Z ) + . (2.40)

where ((z) is the Riemann zeta function defined in Section 2.4.2. In particular,

I'(z) = 1 -7+ 0(2), (2.41)

r(z) = Z+11 Ly 14 0( 4+ 1). (2.42)

We shall use the above formulas quite often in Part III (see Section 7.6.3).

2.4.2 Riemann’s Zeta Function

We discuss here the Riemann zeta function ((z). This is the most fascinating special function
that still hides from us its beautiful properties (e.g., the Riemann conjecture concerning zeros
of {(z)). We uncover only the tip of the iceberg. The reader is referred to Titchmarsh and
Heath-Brown [425] for more in-depth discussion. The Riemann zeta function is defined as

i ni R(z) > 1. (2.43)

The generalized zeta function ((z,a) (also known as the Hurwitz zeta function) is defined as

()= ﬁ R(z) > 1,

n=0

where a # 0,—1,—2,... is a constant. It is evident that {(z,1) = ((z).
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Integral Representation and Analytical Continuation. To analytically continue the
zeta function to the whole complex plane we use an integral representation. We start with a

simple observation that
1 1 o z—1_-—nt
= — / t* e Mt

n*  T(z) Jo
which follows from the definition of the gamma function and the substitution w = nt. Sum-
ming the above over all n > 1, and interchanging summation and integration (which is allowed
due to uniform convergence), we obtain

1 oo tz—l
= 1. 2.44
) =i ), gt RG> (2.44)
It can be proved [422, 448] that the above expression can be further transformed into
T(1—2z) (00 41
= ——" dt 24
()= =5 [ S (2.45)

where the integral fﬁ?;f) is known as the Hankel integral (the reader is referred to Table 8.3
in Chapter 8 for a precise definition and properties). Thus {(z) may not be analytic where
I'(1 — 2) is not analytic, that is, at z = 1,2,.... But we know already that ((z) is analytic
for #(z) > 1; hence z = 1 is the only singularity of {(z).

Finally, the reflection formula for zeta function due to Riemann relates the gamma func-
tion and the zeta function (cf. [448]):

¢(s)0 <§> 72 = ¢(1—s)T <1 5 5) a(1=9/2, (2.46)

which is true for all s where ((s) and I'(s) functions are defined.

Zeta Function on Imaginary Line. The zeta function ((z) behaves differently from the
gamma function on imaginary lines, which has important consequences for certain asymp-
totics that we shall learn in Chapter 8. Let now z = x + iy, where z,y € R, and we inspect
the behavior of ((z) for fixed x and y — £o00. The following result is proved in Whittaker
and Watson [448]

O(ly|z™®) for z <0

C(2) = O(]y\kTm) for0<z <1 (2.47)

o(1) for z > 1
as y — £0o. Thus unlike the gamma function, ((z) function has a polynomial growth along
the imaginary axis. It is worth remembering the above relationships.

Laurent’s Expansion. By (2.45), we know that {(z) has only one pole at z = 1. It can be
proved that its Laurent series around z =1 is

1
z—1

0o 1\k
() = Y E (2.48)
k=0 ’
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where 7 are the so—called Stieltjes constants for k > 0 defined as

" nki InFtim
p— 1' -
k= R (; i k+1

In particular, vg = v = 0.577215. .. is the Euler constant, and y; = —0.072815.... From the
above (or directly from (2.45)), we conclude that

Res[((z);z =1] = 1.

We shall use the ((z) function quite extensively in Part III. We will learn more about this
fascinating function. Among other things, we will relate the value of the zeta function on
nonnegative integers to the so-called Bernoulli numbers discussed in Chapter 8 (Table 8.1).
Stay tuned!

2.5 Extensions and Exercises

2.1 Prove the following formula for the (k + 1)st moment of a discrete nonnegative random
variable X:

E[X"*1 =3 Pr{X > m}f:(m + 1)kt
0

m>0 =

In particular,
E[X]= > Pr{X >m}.
m>0
2.2 Prove that (2.15) and (2.16) are equivalent.
2.3 Construct counterexamples to every reverse implication from Theorem 2.3.

2.4 Prove Theorem 2.3.

2.5 Prove the following result: If X,, is a sequence of nonnegative random variables such
1
that X, “3 X and E[X,] — E[X], then X, > X.

2.6 Prove that if X,, & X, then f(X,,) 2 f(X) provided f is a continuous function.
2.7 Prove (2.24)—(2.25).
2.8 Compute the residue of f(2) =T'(2)(1 —2°)"1 at 2 = 0.

2.9 Extend Liouville’s theorem to polynomial functions, that is, prove that if f(z) is of at
most polynomial growth, that is, |f(z)| < B|z|" for some r > 0, then it is a polynomial.
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2.10 Estimate the growth of the coefficients f,, = [2"]f(z) of

1

& =aa -2

using the argument from Example 3.

2.11 Prove formula (2.32).
Hint. Compute the integral

T(w,2) :/0 /0 220251 o= @) gy

in two different ways (cf. [422]).

2.12 Show that the Weierstrass product formula for the gamma function implies the Euler
product form representation for the gamma function.
Hint. Use the definition of the Euler constant.

2.13 Prove that the product formulas for the gamma function are equivalent to the integral

formula (2.28).
Hint. Compute
[ee) t n
/ <1 — —) 7 dt
0 n
in two different manners (cf. [422]).
2.14 Prove the reflection formula (2.33) for the gamma function.

Hint. Compute
00 szfl
B(z,1—-2) = d
(z z) /0 155 s

in two ways (cf. [422]).

2.15 Prove the growth (2.47) of ((z) function on imaginary lines for 0 < x < 1. In general,
prove that: if 3°,~qa, < oo, then the series

grows like |f(x +iy)| = O(|y|*=%) for 0 < x < 1 as y — oo (cf. [424]).

3|3

2.16 A In this exercise we extend the asymptotic formula (2.36) for I'(z+a)/T'(z+b). Prove
the following asymptotic expansion for (b —a) > 0 (cf. [422]):
1
TT(b—a)

I'(z+a) N abz Lb—a+n)
n

Th—a) = as 2z — 00, (2.49)

I'(z+b)
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where b
nBn " (a)

en = (=1) n!

)

and BT(Lw) (x) are the so-called generalized Bernoulli polynomials defined as

w o (w)
e‘”z( & ) :ZMZ" |z| < 2m.

e —1 n!

n=0
Hint. Express the ratio I'(z 4+ a) /T'(z + b) in terms of the beta function, that is,

I'(z+a) B(z+a,b—a)

I'(z+0b) I'(b—a)

Then, use the integral representation of the beta function to show that

I'(z+a) 1

_ o b—a—le—zu w)du
F(z—l—b)_F(b—a)/o B fluydu,

—u b—a—1
f(u)—tf““(l_e ) .

where
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Chapter 3

Inclusion-Exclusion Principle

Summary: The inclusion-exclusion principle is one of the oldest methods in combinatorics,
number theory, discrete mathematics, and probabilistic analysis. It allows us to compute
either the probability that exactly r events occur out of n events (probabilistic inclusion-
exclusion principle) or the number of objects that belong exactly to r sets out of n possibly
intersecting sets (combinatorial inclusion-exclusion principle). In this chapter, we derive a
general form of the inclusion-exclusion principle, and discuss three applications: depth in a
trie, order statistics, and the longest aligned word.

N COMBINATORICS we often must count the number of objects that satisfy certain prop-

erties or belong to certain sets. The (combinatorial) principle of inclusion and exclusion
is very helpful. Imagine the following situation: Sets A and B are subset of S, and we
wish to count the number of objects that belong neither to A nor to B. Certainly it is not
|S| — |A| — | B|, since the objects in AN B have been subtracted twice. The correct answer is
|S| — |A| — |B| 4+ |AN Bj, as one may expect.

In probability, we often need to compute the probability that at least one event out of n
events Aq,..., A, does occur. The events Aq,..., A, might be dependent and not disjoint.
For example, we know that Pr{A U B} = Pr{A} + Pr{B} — Pr{AN B}. In this chapter we
generalize these examples and discuss some applications of the inclusion-exclusion principle.

Finally, a word about notation. Throughout the book, we shall write log(-) for logarithm
of an unspecified base. We shall also use In(+) for natural logarithm and lg := log, for binary
logarithm.

3.1 Probabilistic Inclusion-Exclusion Principle

Let Aq,..., A, be n events which may be intersecting and dependent. We want to compute
the probability P. that exactly r events occur in a random trial. If we write A; for the

49
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complement of A;, then naturally

P, = Z Pr{Ajl ... AjrAjr+l ... f_ljn}, (31)

1<j1<<gr<n

where j1, ..., j, is a permutation of (1,2,...,n). To simplify further derivations, let us define
Jr=A{01,-ydr) 1 <j1 <+ <jr<n}andfor k> 1
Sp=> Pr{4; ... A;} (3.2)

with Sy = 1. Observe that

Sk = ZPr{AﬂlAJk}

= ZPF{AJI.. ( ]k+1UAjk+1)"'(AjnUAjn)}

= Z( )ZPr{AJI.. A A

r=k

-y (2)1%

r=k

where P, is defined in (3.1).
But we are interested in P, rather than in S, so we need to invert the above. This can

be done as follows:
zn:(_l)r—I—k <I:> Sk — zn: zn: T+k< ) ( )Ps

k=r

However, as can be easily verified,

e ()

We conclude that

~, ufs-ry_J1 ifr=s
)lz;)( 1)< l >_{ 0  otherwise.

“ k

P, = Z(—1)T+k< )Sk.
k=r r

The above equation is an example of the inversion formula.

Thus we have just proved the principle of inclusion and exclusion. Observe that we did
not make any assumption regarding the events Aq,..., A,.
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Theorem 3.1 (Inclusion-Exclusion Principle) Let Ai,..., A, be events in an arbitrary
probability space, and let P, be the probability of exactly r of them to occur as defined precisely
in (3.1). Then

P = zn:(—1)r+’“<]:> > Pr{d; ... A} (3.3)

k=r 1<j1<<gp<n
v k
- z<—1>r+k( )sk,
k=r r

where Sy, is explicitly defined in (3.2).

We shall discuss some applications of the inclusion-exclusion principle in the applications
section of this chapter. However, for convenience we provide some examples that illustrate
the method.

Example 3.1: Computing a Distribution Through Its Moments

This example is adopted from Bollobas [55]. Let X be a random variable defined on
{0,1,...,n}, and let Ex[X] = E[X(X —1)--- (X —k+1)] be the kth factorial moment of X.
We shall prove that

Pr{X =r}= ) Z T+k7§]ﬂ)g! .

Indeed, let A; = {X > i} for all i = 1,...,n where Ji is defined above. We now evaluate
Sk =7, Pr{Njes, Aj}. Observe that

S = zn: PrX > j} = 3 iPr{X = i} — E[X],
7=1 =1

5 = 2"3 3 P{X >} = 30— DPAX > )
st =2

k-1
Eo[X
= ZPr{X:k}Zj:
k=2 j=1
In Exercise 1 we ask the reader to prove the following easy generalization:
Sy, = > Pr{X >ji,.... X > ji} = —Ek[X] (3.4)
1<j1<—<jr<n

But {X = r} is equivalent to the event that exactly r of A; occur, since {X = r} =
A1Ay... Ay Ay ... A, = P, (other events contributing to the probability P, are empty). By
Theorem 3.1 and (3.4) we prove the announced result. O



52  Inclusion-Exclusion Principle

As mentioned above, we did not make any assumptions regarding A;, and A; can live on
arbitrary spaces. In fact, such a generalization of the inclusion-exclusion principle is due to
Fréchet. Its usefulness is illustrated in the next example.

Example 3.2: Laplace’s Formula on the Sum of 1.1.D. Uniform Distributions
Let X4,...,X,, be independent random variables uniformly distributed on the interval
(0,1). We prove Laplace’s formula (cf. [373]), namely,

PH{X1 4+ + X, <z} = % zn:(—l)’“ (Z) (x = k)%,
" k=0

where z = max{0,z}. Observe that the distribution of X7 +-- -+ X, is equal to the volume
of the following set

Q={(x1,...,2p): 1+ -+, <z, 0<z; <1, i=1,...,n}.

To compute this we use the Fréchet formula (i.e., Theorem 3.1 applied to R™ space). Define
the simplex

QZ{(IBL---,OC”): x4ty <z ox; >0, i=1,...,n},

and A; = QN {z; > 1}. Clearly, the volume V(€2) is equal to the volume of € minus those
parts that do not belong to the unit cube [0, 1]™. But, this can be estimated by applying the
inclusion-exclusion principle with a condition that none of A; occurs. By setting r = 0 in
Theorem 3.1, we obtain

Pr{Xi+-+Xp <z} =V(Q) = zn:(_l)ksk’
k=0

where Sy = V() and
Sk= Y.  V(4;,...,Aj).
1<j1<<jp<n
In the above, V(Aj,...,A;j,) is the volume of the part of Q) that possesses properties
Aj,... A, that is, z;; > 1,...,z;, > 1. To compute V(A4;,,...,A;, ) we must set k
variables in the equation x1 + --- + z,, = = to 1; hence

(z —k)}
V(A ... Ay) = —— %

n!

This completes the proof of Laplace’s formula. O
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In many situations, one needs to estimate the probability that at least one event occurs.
This is also known as the inclusion-exclusion principle, and in fact it follows directly from
Theorem 3.1. Indeed,

M=
~
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We summarize this finding in the next corollary.

Corollary 3.2 For arbitrary events the following holds:
PrilJ A} = > (=D 3 Pr{ (] 4} = > (=118, (3.5)
i=1 k=1 Ji j€Jk k=1
where Jy, = {1 < j1 <--- <jp <n}.

It is indeed quite rare to be able to compute all the probabilities involved in the inclusion-
exclusion formula. Therefore, often one must retreat to inequalities. The most simple, yet
still very powerful, is the following Boole’s inequality

pe() A} < 3 Pr{A). (36)
=1 =1

which can be easily proved by induction. However, we can do much better. The reader
is asked in Exercise 2 to use mathematical induction to prove the following Bonferroni’s
inequalities.

Lemma 3.3 (Bonferroni’s Inequalities) For every even integer m > 0 we have

1)j+1 Z Pr{Atl [P -Atj} < PF{U Az}
j=1 1<t < <tj<n i=1
m+1 )
< Z(—l)]+1 Z Pr{Atl ---Atj} .
j=1 1<t1<<tj<n

In Section 3.3.3 we use Bonferroni’s inequalities to derive the limiting distribution of the
longest aligned match between two sequences.
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3.2 Combinatorial Inclusion-Exclusion Principle

In this section, we count the number of objects (properties) that belong exactly to r (possibly
intersecting) subsets. Imagine the following scenario: There are N objects in a set X whose
subsets are A1, ..., A, of cardinalities Ny, ..., N,,, respectively. We are interested in counting
the number, N(r), of objects that belong exactly to r subsets, where r = 0,1,...,n. Let
Nj,...iw = |Aj N---NA;j, |, that is, Nj, _j, is the cardinality of the intersection of the subsets
Aj, ... Ay where 1 < ji < -+ < ji < n. The following, also known as the combinatorial

inclusion-exclusion principle, is a direct consequence of Theorem 3.1.

Theorem 3.4 For any n and 0 < r < n, the number N(r) of objects that belong to ezxactly
r subsets Ay,..., A, of a set X of cardinality N is

N(T) _ zn:(_l)rJrk(?kj) Z Njh---,jk (37)

k=r 1<1<<jr<n
- k

_ Z(_l)r—i—kz( )Wlm
k=r r

where Wy, = Zl§j1<...<jkgn Nji,ie

Proof. We derived the above directly from the probabilistic inclusion-exclusion principle. It
suffices to assume that all objects in X are uniformly distributed; hence the probability of a
subset A of X is Pr{A} = |A|/N. Then, the probability P, of Theorem 3.1 becomes N (r)/N,
and (3.7) follows immediately from (3.3). [

We illustrate the combinatorial inclusion-exclusion principle in a few examples. More can
be found in the exercises at the end of this chapter. We start with a simple enumeration of
surjections.

Example 3.3: Number of Surjections

Let X be a set of cardinality n, and Y = {y1,...,ym}. We want to enumerate the number
of surjections from X on Y, that is, the functions from X to Y whose image is Y. Let us
call this number s,,,. Clearly, sp,;, = n! if n = m and s,,;,, = 0 if m > n. This can be
used to verify the formula that we are going to derive. Let A; be the subset of all functions
f: X — Y such that y; ¢ f(X). In terms of Theorem 3.4 we need to find N(0) = sy, that
is, the number of functions that do not belong to any of A;. But |4; N---NA;j | = (m—Ek)",
thus by (3.7) with » = 0 we obtain



55 Inclusion-Exclusion Principle

Interestingly enough, we also proved that

i(—l)’“(}j)(n—k)" = nl,

k=0
i m
Z(—l)k( )(m —-k)" = 0 for m>n.
k
k=0
Such combinatorial relationships are sometimes quite cumbersome to prove. Counting may

help! O

Let us now apply Theorem 3.4 to count sequences satisfying certain properties. In those
problems the Mdbius function plays a pivotal role. It is defined as follows: Consider an
integer n that has a unique factorization as a product of prime powers, that is,

e], e

n = py'ps’ - py, (3.8)

where p; are distinct prime numbers and e; > 1. We define the Mobius function p(n) as
u(l) =1 and forn > 1

] 0 if any power e¢; > 1
uin) = { (=1)" ifep=---=e =1. (3:9)

The Mo6bius function finds applications in counting problems that involve divisors of n.
Let us agree to write d|n when d is a divisor of n. Observe that

Zu(d)—{ 1 ifn=1 (3.10)

0 otherwise,
din

where the summation is over all divisors d of n. Indeed, to prove the above, let n have the
factorization (3.8). By the definition of the M&bius function we have

r r )
Zﬂ(d) = Z ( (-1)=01-1)"=0,
; i
d|n 1=0
since one finds (:) divisors d consisting of ¢ distinct primes involved in the factorization of n.
This leads us to the following interesting inversion formula.

Theorem 3.5 (Mdbius Inversion Formula) Let f(n) and g(n) be functions defined for
a positive integer n that satisfy
fn) =7 _g(d).
dln

Then

o) = L u@s (). (3.11)

d|n
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Proof. By (3.10) we have
Sudr () = Tu(3)s@
= %u@)Zﬂ%—XﬁW)X:MW

d'|d d'|n m|(n/d")
= g(n)

as desired. m

An inversion formula like the above is very useful in counting and proving combinatorial
identities. We shall return to it in Chapter 7 where we use analytic tools to explore them
(see Section 7.5.2). We finish this section with an application of Theorem 3.5.

Example 3.4: Primitive Sequences

Let us count the number of binary sequences of length n that are primitive, that is, they
are not expressible as a concatenation of some identical smaller sequences. For example,
010101 is not a primitive sequence while 011010 is a primitive one. Let f(n) be the number
of such primitive sequences. There are 2" all binary strings, and every one is uniquely
expressible as a concatenation of n/d identical primitive strings of length d, where d is a
divisor of n. Thus for every n

2" =Y f(d).
dln

Then by the Mébius inversion formula we have
n
fo =S u(5)?
din

for any n > 0. O

3.3 Applications

We now tackle some problems in which the inclusion-exclusion principle plays a significant
role. We start with deriving the generating function for the depth in a trie, then deal with
order statistics, and finish with deriving the asymptotic distribution for the longest aligned
word in two randomly generated strings. The last problem is by far the most challenging.

3.3.1 Depth in a Trie

In Section 1.1 we discussed tries built over n binary strings X',..., X™. We assume that those
strings are generated by a binary memoryless source with “0” occurring with probability p



57 Inclusion-Exclusion Principle

and “1” with probability ¢ = 1 — p. We are interested here in the depth D,,(m) as defined in
Definition 1.1. By Definition 1.2, Cj; is the length of the longest string that is a prefix of X ‘
and X7. Then, by Theorem 1.3
D = ; 1. A2
n(m) 1§£&%{§n{cz’m} + (3.12)
Certainly, the alignments C;; are dependent random variables even for the memoryless source.

Our goal is to compute the generating function of the depth D, := D,(1), that is,
Dy (u) = 322, Pr{D,, = k}u* = E[uP"]. Observe that

Pr{D, >k} = Pr{U Airl,
1=2

where A;; = {C;; > k}. Thus one can apply the principle of inclusion-exclusion, as expressed
in Corollary 3.2, to obtain

Pr{Dn > k‘} = PI’{O[CZ'J > k]}

r

n—1
—1
= Z(—l)r—H <TL )Pr{CQJ Z k‘, N 7C7‘+1,1 Z k‘},

r=1

since the probability Pr{C2; > k,...,C,41,1 > k} does not depend on the choice of strings
(i.e., it is the same for any r-tuple of selected strings). Moreover, it can be easily explicitly
computed. Indeed, we find

Pr{Co1 >k,...,Cri11 >k} = (" 4+ ¢ tHE,

since r independent strings must agree on the first k£ symbols, and the probability that they
agree on a symbol at a given position is p" T 4 ¢"*1. Thus

n L n—1 T n—1 1
Pr{D k = 1" .
kz:% r{Dn > k}u ;( ) < , )1_u(p7‘+1+qr+1)
In Exercise 4 we ask the reader to prove that
s 1 — E[uPr
S Pr{Dy > kjut = LB
P 1—u

which finally leads to

n—1
n—1 1—-u
D =1 -1
n (1) +;( )< r )1_u(pr+1+qr+1)

for |u| < 1.
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3.3.2 Order Statistics

Let Y1,...,Y,, be a sequence of random variables. We often need to compute the maximum
or minimum values of such a sequence. In some problems (e.g., combinatorial optimiza-
tion problems discussed in Section 1.6) we are also interested in the rth greatest value of
Yi,..., Yy, where 7 = 1,...,m. More precisely, let minij<;<,, {Y;} := Y{3) < Yoy < --- <
Yim) = maxi<i<m{Yi}. We call Y(,y the rth order statistic of Y1,..., Y.

The inclusion-exclusion principle can be used to find the probabilistic behavior of order
statistics. Indeed, let A; = {Y; > z}, then {Y{,,) >z} = {max{Y1,...,Yn} >z} = U, 4.
More interestingly, we can express the rth order statistic as follows

m—r+1

{Yiy >z} = U N A (3.13)

1§j1<"'<jm—r+l§m =1

since for {Y<r> > x} to hold it is required that at least m —r+1 variables out of Y7, ...,Y,, are
greater than x. Indeed, for r = m we have {Y(,,y > 7} = {maxi<;<,n {Vi} > v} = UL {Y; >
x}, and for r = m — 1 we obtain

Yoy >z = M>z&Yo>zor...ooV1>2&Y, >
or...or Yy, 1 >z &Y, >z}

and the general case is given in (3.13).
The next finding presents a simple result on the maximum of a set of random variables.

Theorem 3.6 Let Y1, Ys,...,Y,, be a sequence of random wvariables with distribution func-
tions F1(y), F2(y),..., Fm(y), respectively, and let Ri(y) = Pr{Y; > y}. Define Y, =
maxlgigm{Yi}.

(i) If ap, is the smallest solution of

f: Ri(am) =1, (3.14)
k=1

then e
Y] €an+3 3 Bi() -
k=1j=am
(ii) If the distribution function F;(y) of Y; satisfies for all 1 < i < m the following two
conditions
Fi(y) <1 for all y<oo, (3.15)

and -
lim sup — Filey)

- 7 — f 1 1
i sup 53— 0 or ¢>1, (3.16)
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then Y(,,) /am < 1 in probability (pr.), that is, for any € > 0
lim Pr{Y(,,,) > (1 +¢&)am} =0

where ay, solves (3.14).

(iii) If Y1, ..., Yy, are independently and identically distributed with common distribution func-
tion F'(-), then Yy ~ an (pr.), that is, for any e > 0
Jim Pr{(l —e)am <Yy < (1 +¢e)an} =1,

where ap, is a solution of (3.14) that in this case becomes mR(a,,) = 1.

Proof. For (i) observe that for any a

Yim) <a+ Y [V —al*
k=1

where t+ = max{0, t}. Since [Y; —a|' is a nonnegative random variable, then E[Y} — a]
[.° Ri(y)dy (assuming for simplicity that Y} is a continuous random variable), thus

Yol <a+)

k=179

+:

Minimizing the right-hand side of the above with respect to a yields part (i). For part (ii)
we use (3.13) for r = m, and after a simple application of (3.6), we arrive at

Pr{Yim) > 2} = Pr{U Y, >z} < ZRZ(.’E)
i=1 i=1
Let now = = (1 4 €)a,, where ¢ > 0 and a,, be defined by (3.14). Observe that by (3.15)
Ay — 00. Then, (3.16) with ¢ = 1 4 ¢ implies R((1 4 €)a,,) = o(1)R(ay,); hence
Pr{Y(m) = (1 +€)am} = of ZR (am)

Part (iii) can be proved using the additional assumption about the independence of Y7, ..., Y,,.
The reader is asked in Exercise 9 to provide details of the proof. |

Finally, we present a simple asymptotic result concerning the behavior of Y, for the so-
called exchangeable random variables. A sequence {Y;}/™, is exchangeable if for any k-tuple
{1, gk} € {1,...,m} the following holds:

Pr{Yj, <wj,-- Y <wi} =Pr{Y1 <wn,... Yo <un},

that is, the joint distribution depends only on the number of variables (cf. [161]).
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Theorem 3.7 Let {Y;}7", be exchangeable random variables with distribution F(-) having
property (3.15), and let R.(z) = Pr{Y1 > z,...,Y, >z} satisfy for all ¢ > 1

lim Ry ry1(cx)

=0 3.17
e=00 Ry_ry1(2) ( )

(r)

uniformly over allT =1,...,m. Define ay,’ as the smallest solution of

< " )Rm—r-i-l(a%)) = 1.

r—1
Then Y,y < all) (pr.) as m — oo.

Proof. We use (3.13) with z = (1 + e)a,(ﬁ). By (3.6) and the assumption of exchangebility,
we obtain

Pr{Y, 1 M < m B 1 ()
[V > (1 +2)al)} < <m_r+1)R a1+ alp)
= <TT1>Rm—r+1(a%))0(1) 0,
where the last equation follows from (3.17). [

The reader is asked in Exercises 9-11 to extend the above results and apply them to some
combinatorial optimization problems.

3.3.3 Longest Aligned Word

We report here some results of Karlin and Ost [229]. Imagine two sequences of length n, say
X =(Xy,....,X,)and Y = (Y7,...,Y,). We assume that both are generated by memoryless
sources over a binary alphabet, say Bernoulli(p1,p2) and Bernoulli(ry,rs), respectively. We
are interested in the length W, of the longest aligned match word, that is, a word as long
as possible that is common to both strings and starts at the same position in both strings.
More precisely:

Wiy i=max{k : J1<i<n Xo =Yy, Xppp1 = YVigp—1 and Xypp # Vg )

To see how this problem is related to the topic of this section, let us observe that W,, =
maxi{A(n, k)}, where

A(n, k) = {There exists an aligned match word of length & in both sequences}.
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>

Figure 3.1: The distribution function of W,, — log, 20 with two continuous extremes for
binary symmetric Bernoulli models.

Then Pr{WW,, > k} = Pr{A(n,k)} and
A, k) = U 40,

where A;(k) is the event signifying a k-word match starting at position 1 <t < n. Thus, the
principle of inclusion-exclusion (cf. Corollary 3.2) can be used to evaluate Pr{A(n, k)}, and
hence Pr{WV,, > k}.

We start with the formulation of the result of Karlin and Ost [229]. Let P = pyry + para
be the probability of a match at a given position. Thus, the probability of a match of length
at least k starting at any position is equal to P*. For convenience we also define Q = P~1.
We prove below that the maximal aligned match W, is concentrated around

logn

where z is a real number. We denote by Z such z (that may depend on n) that k£ =
loggn + 2 + 1 is an integer.

Theorem 3.8 (Karlin and Ost, 1987) Under the above assumptions

Tim Pr{W, <loggn + &} = exp (~(1 - P)P*). (3.18)
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If x is a fived real number, then the limiting distribution of W, does not exist, but one can
claim

liT{n i£f Pr{W, <loggn +z} = exp(—(1— P)P") (3.19)
limsup Pr{W,, <loggn+z} = exp (—(1 — P)p$+1) (3.20)

where Q™1 = P = pyry + pary is the probability of a match at a given position.
p p p Y g p

Before we proceed with the proof, some explanations are in order. The limiting distribu-
tion of W, does not exist for general real x, but an asymptotic distribution may be found
that resembles the extreme distribution exp(—e™) (cf. Galambos [161]). Indeed, we shall
prove below that for large n

Tim Pr{IV, < loggn + a} ~ exp (—(1 — P)PrH-(ergnta)),

where (logn) = logn — |logn|. This fractional part (loggn) behaves very erratically. We
shall study its property in Section 8.2.3. The asymptotic distribution is presented in Fig-
ure 3.1, where the staircase-like function exp (—(1 — P)P‘”“faogé? "+x>) is plotted together
with the lower extreme distribution exp (—(1 — P)P*) and the upper extreme distribution
exp (—(1 — P)P*!). We should point out, however, that such a behavior is not a surprise,
since W), as a discrete order statistic is expected not to have a limiting distribution. Already
in 1970 Anderson [12] observed that the limiting distribution of the maximum of discrete
i.i.d. random variables may not exist.

Now we are ready to prove the Karlin and Ost result. Throughout this derivation we

assume that
logn

B log(P~1)
where T is such that k is an integer. As observed above, we need to estimate Pr{A(n,k)},
and after applying Corollary 3.2 we can write

k +z+1=loggn+z+1, (3.21)

n

Pr{A(n,k)} = Y (-1)"*! > Pr{d; ... A} = D (1) 50 (n),
m=1 1<t1<..<tm<n m=1
where Sy, (n) = 21«4 < <t <n Pr{As ... Ay, }. We write below A; for A (k).
The plan for establishing the limit of Pr{A(n,k)} is as follows: We shall prove that for
k as in (3.21) every term S,,(n) converges to a function, say a,,(Z) as n — oo; that is, for
m=1,2,...
Jim Sy (n) = lim > Pr{As ... Ay} = an (). (3.22)

1<t <..<tm<n



63 Inclusion-Exclusion Principle

By Bonferroni’s inequalities for every even m

(1) ay(2),

o

s
I
i

lim inf Pr{A(n, k)} >

1
limsup Pr{A(n,k)} < (=1)"a;(%).

n—oo 1

3
T

.
I

Next, we shall show that the alternating series

(e 9]

> (=) ay(7) = a(@)

i=1

converges uniformly for bounded x, which would imply that
Jim Pr{W, <loggn + 7} =1—a(7).

We now compute lim,, . Sy, (n) for every m. Let us start with m = 1. Observe that
Pr{A;} = P*; thus
lim Sy(n) = lim nPlsentotl — prtl . g(F).
n—oo n—oo

This was quite easy! The next step requires a little more work. Let

Sy(n) = ZPr{AtlAtQ}:% > Pr{AtlAtQ}Jr% > Pr{A, A}

t1<to [ta—t1|<k |t2—t1‘>k‘
= Ti(n) +Tz(n).

By independence T5(n) can be easily computed, and we arrive at

. 1. 9 1 o
Aim To(n) = 5 lim (S1(n))” = 5¢°(2).
To assess T1(n), we must take into account overlapping parts. Let the two overlapping words
of length k be such that the first word starts at position ¢ and the overlapping begins at
position t 4+ j for 1 < j < k. Let Cy denote the extended match of length k£ + j. Then
Pr{Cy > k + j} = P*¥J  and hence

t=1j

P

k
Pkt — Pk(—> 1— Pk,
- n 1_P( )

In summary, for k as in (3.21)

lim Sa(n) =

n—oo

0@+ (175 ) 6@

N —
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since (1 — P*) = (1— P*1/p) = 1 as n — oc.

Let us now consider a general m and compute S, (n). We partition m = nj + 2ny + 3ns +
-+ ++mnyy, so that S,(ﬁ”’m""’nm)(n) denotes the cumulation of probabilities Pr{ A, ,..., A, } of
joint events which consist of n; matches of nonoverlapping k-words, no pairs of overlapping
k-word matches which are mutually independent, ng groups of overlapping three k-word
matching which are disjoint between the different triples, etc., and n, (necessarily at most
1) successive overlapping k-word matches. Then, Sy, (n) = X p(n,, 0 Sr(r?l’m""’"m)(n) where
P(ni,...,ny) is the set of all integer partitions such that m = ny + 2ng + 3ng + - - - + mny,.
It is not too difficult to observe that

ng

1 m P m—1
S7(7§z1,n2,---7nm)(n) — H <nPk ( P) (1 o Pk)m—l)
=1 1=

nilng! - ny,!

Indeed, consider n; groups of overlapping ¢ word matches of length k. Since any permutation
of these words leads to the same probability, we see the term 1/n;! in the above. Let a
group of ¢ k-word matches start at position 1 < ¢ < n and the overlaps begin at positions
t+j1,...,t+ ji—1, respectively. Such an extended C; match has the following probability:

k k i—1
. . P v .
Pr{CZ >k +jl + - +j’i71} = E te E Pk+]1+m+h_l = Pk (ﬁ) (1 - Pk)z_l.
n=l  ji1=1

Summing over all 1 < ¢ < n, and noting that the n; groups are independent, we obtain the
desired formula. Thus, for &k as in (3.21) we arrive at

1 m
: n1,N2,...,Nm _ ng
nhm S )(n)——' ' ' ||5Z ,
—00 nilngl- - np! 25

where s; = ¢(%)(P/(1 — P))i=t = P*+1(P/(1 — P))"~! and finally,

am(T) = lim Sp,(n) = Z

n—oo
n1+2ng4--+mnm=m

i H st (3.23)

nilnag!---ny,

To complete the proof, we need to sum up the alternating series > oo_;(—1)"*ta,, (7).
For this we need one result from generating functions, namely,

%) m m 0 .
> > ————— [ " =exp ( cixz> , (3.24)
m=0n1+2no+---mnm,=m nl!nQ! e nm' i=1 ' i=1

provided the series >.9°, ¢;z? converges. The above formula is a simple application of the
convolution formula of exponential generating functions, and will be discussed in Chapter 7.
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In fact, we prove it in Example 7.5 of Chapter 7. (This is the point where analytic and
probabilistic analyses meet and need each other to solve the problem at hand.) Knowing
this, we can proceed as follows:

(9] (9] 1 P E:y;l n;(i—1)
(_1)m+1am(%) — (_1)m+1 Z ( )
m—1 el S S i nilng! - ny,! \1 — P
S e m P \™
< @I = Y (1 ()
m=1 o

y 5 1 (1;13(/5(%))2?;1"2'

Inol... |
n142ng+tmnm=m 11020 Time

= 1—exp (—(1 - P)Pngl) ,

where the last equality comes from identity (3.24) with x = —P/(1 — P) and ¢; = (1 —
P)¢()/P. The above identities are true only for P/(1 — P) < 1, that is, for P < 3. But
with the help of analytic continuation (see Chapter 8) we can extend their validity to the
whole interval 0 < P < 1. This proves (3.18) of Theorem 3.8. To establish the second part of
Theorem 3.8, we observe that for any real x we can write Pr{W,, > logg +x + 1} = Pr{WV,, >
llog +x + 1]} and [logg +x + 1] = logg +x + 1 + (logg +x).

3.4 Extensions and Exercises

3.1 Prove (3.4), that is,

1<j1 < <jp<n
3.2 Prove Lemma 3.3 using mathematical induction.
3.3 (Bell’s Inequality) Prove the following useful inequality of Bell:
Pr{ANB} <Pr{ANC} +Pr{BNC},

where A, B, C are events and C is the complementary event to C. The above inequality
is used in quantum physics to establish the Einstein-Podolsky-Rosen paradox.

3.4 Prove that for any random variable X over nonnegative integers

i 1 — E[uX
ZPr{X>k}uk:¢
pr 1—u

for |u| < 1.
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3.5 Prove that if X is a nonnegative random variable with finite moments and for all m

. Ei[X]k
LA

then

Prix = 1) = 5 0

where, as before, E;[X] is the kth factorial moment of X.

3.6 Enumerate the number of binary circular sequences, where two sequences obtained by a
rotation are considered the same.

3.7 Let n = p{'p5? -+ - p& be a positive integer, and denote by ¢(n) the number of integers
1 < k < n such that ged(n, k) = 1. (The function ¢ is known as the Euler function.)

Prove that
- k 1 r 1
and
> é(d) =n.
dln
Conclude that y
o(n)=n Z @)
dln d

for all positive integers n.
3.8 How many positive integers less than 1000 have no factor between 1 and 107

3.9 Prove part (iii) of Theorem 3.6. Then establish the following refinement: Let Yj,...,Y,,
be i.i.d. and let a,, be the smallest solution of m(1 — Pr{Y; > a,,}) = 1. Then

lim Pr{max{Y1,...,Y,,} = lam]| or |an]+1} =1

m—0o0
Hint. Verify that

lim (Pr{max{Y1,...,Y} <z} —exp(n(l —Pr{Y; >z}))) =0

m—00

for real z.
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3.10 (Aldous, Hofri, and Szpankowski, 1992) Prove the following result: If {X}}?°, are i.i.d.
Poisson distributed random variables with mean p, then for large enough integers a and
n
Pr{ max Xj <a} —exp(—ne ?p*/al) =0 as n,a — o0
1<k<n

and
Pr{ max X, = |an|+ 1 or|a,]}=1-01/a,) =1 asn— oc.
1<k<n
For large n the sequence {a,} satisfies
logn —p logn
Ay ~ ~
" log(logn —p) —logp loglogn’

where a,, is defined as the smallest solution of the equation

Aan,p)
o) = b

In the above v(z,p) = [§t* e !dt is the incomplete gamma function, and I'(z) =
v(z, 00) is the gamma function discussed in Section 2.4.

3.11 A Let W = {w; ;}]';—; be a matrix of weights that are i.i.d. distributed according to
a common strictly continuous and increasing distribution F'(-). Consider the following
bottleneck assignment problem:

Zmin = min{ max w; ,;
min aeBn{lgign o)}

and capacity assignment problem

Viax = max{ min w, .(;
ax aeBn{1§z‘§n o)}

where B,, is a set all permutations of {1,2,...,n}. Prove that

m — 2D — 1 (pr)
n—oo F~1(logn/n) pr-
Vi
lim (@) = 1 (pr.),

n—oo F~1(1 —logn/n)
where () denotes the inverse function of the distribution F(-).
3.12 A (Karlin and Ost [229]) Extend Theorem 3.8 to Markov sources. More generally,

compute the asymptotic distribution of the longest aligned word match found in r or
more sequences among s sequences generated by Markov sources.
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3.13 A(Karlin and Ost [230]) Compute the limiting distribution of the longest common word
(not necessary aligned) common to 7 or more of s sequences generated by memoryless
and Markov sources.



Chapter 4

The First and Second Moment Methods

In the analysis of algorithms, we are usually interested in time complexities, storage require-
ments, or the value of a particular parameter characterizing the algorithm. These quantities
are random (nondeterministic) since either the input is assumed to vary or the algorithm
itself may make random decisions (e.g., in randomized algorithms). We often are satisfied
with average values; however, for many applications this might be too simplistic. In many
instances these quantities of interest, though random, behave in a very deterministic manner
for large inputs. The first and second moment methods are the most popular probabilistic
tools used to derive such relationships. We discuss them in this chapter together with some
interesting applications.

MAGINE that X, is a random variable representing a quantity of interest (e.g., the number

of pattern occurrences in a random text of length n). Usually, it is not difficult to compute
the average E[X,,] of X,, but it is equally easy to come up with examples that show how poor
such a measure of variability of X,, could be. But often we can discover refined information
about X, (e.g., that with high probability X,, ~ E[X,,] as n — 00). In this case, the random
variable X,, converges (in probability or almost surely) to a deterministic value a, = E[X,]
as n becomes larger (see Example 2).

Consider the following example: Let M, = max{Ci,...,C,} where C; are dependent
random variables (e.g., M, may represent the longest path in a digital tree). Again, M,
varies in a random fashion but for large n we shall find out that M,, ~ a, where a, is a
(deterministic) sequence (see Example 1). More precisely, for every € > 0 the probability of
(1 -¢)a, < M, < (1+ ¢)a, becomes closer and closer to 1; thus according to the definition
from Section 2.2.2 we say that M, %a, or M, — a, (pr.).

These and other problems can be investigated by two simple probabilistic techniques
called the first and second moment methods. They resemble Boole’s and Bonferroni’s

69
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inequalities, but instead of bounding the probability of a union of events by marginal prob-
abilities they use the first and the second moments. We also briefly discuss the fourth
moment method.

Here is the plan for the chapter: We first discuss some theoretical underpinnings of the
methods which we illustrate through a few examples. Then we present several applications
such as a Markov approximation of a stationary distribution, evaluate the number of primes
dividing a given number, and finally estimate the height in tries, PATRICIA tries, digital
search trees, and suffix trees.

4.1 The Methods

Let us start by recalling Markov’s inequality (2.6) from Chapter 2: For a nonnegative random
variable X, we can bound the probability that X exceeds t > 0 as follows: Pr{X > t} <
E[X]/t. If in addition, X is an integer-valued random variable, after setting ¢ = 1 we obtain

Pr{X >0} < E[X], (4.1)

which is the first moment method. We can derive it in another manner (without using the
Markov inequality). Observe that

[e.9] [e.9]
Pr{X >0} => Pr{X =k} <> kPr{X =k} =E[X].
k=1 k=0
The above implies Boole’s inequality (3.6). Indeed, let A; (i = 1,...,n) be events, and set
X =1I(A1)+ -+ I(A,) where, as before, I(A) = 1 if A occurs, and zero otherwise. Boole’s
inequality (3.6) follows.

In a typical application of (4.1), we expect to show that E[X] — 0, and hence that X =0
occurs with high probability (whp). Throughout, we shall often write whp instead of the
more formal “convergence in probability.” We illustrate the first moment method in a simple
example.

Example 4.1: Mazimum of Dependent Random Variables

Let M,, = max{Xy,...,X,} where X; are dependent but identically distributed random
variables with the distribution function F(-). We assume that the distribution function is
such that for all ¢ > 1

1= Fley) = 6(y)(1 = F(y)),
where 6(y) — 0 as y — oo. We shall prove that whp M,,/a,, < 1 where a, is the smallest
solution of the following equation:

n(l — F(ay,)) =1,

provided a,, — oo as n — oo. Indeed, observe that {M, > z} = | ; A; where 4; = {X; >
x}. Thus by the first moment method,

Pr{M, >z} <nE[I(A1)] = n(l — F(x)).
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Let us set now x = (1 + €)a,, for any € > 0, where a,, is defined as above. Then
PriM,, > (1 +¢e)an} <n(l — F((1 +¢€)ay)) = 0(an)n(l — F(ay)) = é(ay) — 0,

since a,, — oco. Thus M,, < (1 + €)a, whp, as desired (see also Section 3.3.2). O

The first moment method uses only the knowledge of the average value of X to bound the
probability. A better estimate of the probability can be obtained if one knows the variance
of X. Indeed, Chebyshev already noticed that (cf. (2.7))

Var[X]
2

Pr{|X — E[X]| >t} <

Setting in the Chebyshev inequality ¢t = |E[X]| we arrive at

Var|X]
E[X]?

Pr{X =0} < (4.2)

Indeed, we have

Var[X]
E[X]*

Pr{X =0} < Pr{X (X — 2E[X]) > 0} = Pr{|X — E[X]| > [E[X]|} <

Inequality (4.2) is known as (Chebyshev’s version of) the second moment method.
We now derive a refinement of (4.2). Shepp [385] proposed to apply Schwarz’s inequality
(2.8) to obtain the following:

E[X]* = E[I(X # 0)X]* < E[I(X # 0)|E[X?] = Pr{X # 0}E[X?],
which leads to a refinement of the second moment inequality, namely,

Var|X]
Pr{X =0} < ——. 4.3
Actually, another formulation of Shepp’s inequality due to Chung and Erdds is quite
useful. Consider X,, = I(41) + ---+ I(A,) for a sequence of events Aq,..., A, and observe
that {X,, > 0} = U=, A;. Rewriting (4.3) as

E[X,]?
Pr{X, >0} > BX]

we obtain, after some simple algebra,

"4 (X, PriA})’
Pr{gl A2 iy Pr{A;} i iz Pr{A N A} (4.4)



72  The First and Second Moment Methods

In a typical application, if we are able to prove that Var[X,]/E[X?2] — 0, then X,,”>E[X,,]
as n — 0o, that is, for any € > 0

nh_)rgo Pr{|Xn - E[Xn” > 5E[Xn]} =0.

We present below two simple examples delaying a discussion of a more sophisticated problem
till the applications section.

Example 4.2: Pattern Occurrences in o Random Text

Let H be a given string (pattern) of length m, and T be a random string of length n.
Both strings are over a finite alphabet, and we assume that m = o(n). Our goal is to find a
typical (in a probabilistic sense) behavior of the number of the pattern occurrences in 7. We
denote this by O,,. Is it true that O,, ~ E[O,] whp? We compute the mean E[O,,] and the
variance Var[O,]. Let I; be a random variable equal to 1 if the pattern H occurs at position
i, and 0 otherwise. Clearly O, = Iy + I3 + --- + I,_m+1, and hence

n—m-+1
Z E[,] = (n —m+ 1)P(H),

where P(H) = Pr{T;T™ ! = H} for some 1 <i < n —m + 1, that is, the probability that
the pattern H occurs at position ¢ of the text T'. The variance is also easy to compute since

n—m+1 n—m-+1

Var[O Z EA+ Y Cov[LI]] Z E[I > Cov[LIj],

1<i<j<n—m+1 1<i<j§n—m+1
where

Let us compute the covariance Cov[/;I;]. Observe that Cov[[;I;] = 0 for |j —i| > m, and
otherwise Cov[/;1;] < E[I;1;] < E[I;] = P(H). Thus

Var(O,] < (n—m+1)P(H)+ Y E[L] < (n—m+1)P(H)+2m*P(H).
|j—il<m

In view of the above and Chebyshev’s inequality, we obtain for any € > 0

(n—m+1+2m?)P(H)
e2(n—m+1)?P%(H)
1 2m?

S S mt 0P 2 —mier@E

Pr{|0n/E[On] - 1| > 5} S

provided m = o(n), which is a natural assumption to make since H is given. This proves that
0, /E[O,] — 1 whp. A fuller discussion of this problem can be found in Section 7.6.2. O
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In the next example, we consider a deterministic problem and use randomized technique
to solve it. It is adopted from Alon and Spencer [9].

Example 4.3: Erdés Distinct Sum Problem
Consider a set of positive integers {z1,..., 2} C {1,...,n}. Let f(n) denote the maximal
k such that there exists a set {x1,...,xx} with distinct sums. The simplest set with distinct
sums is {2¢ : i < logyn}, which also shows that f(n) > 1+ |logyn]|. Erdds asked to prove
that
f(n) < logyn +C

for some constant C'. We shall show that
1
f(n) <logyn+ 3 log, logyn + O(1).

Indeed, let {x1,..., 2} be a distinct sum set, and let B; be a random variable taking values
0 and 1 with equal probability % Consider

X:le1+"'+kak.
Certainly,
E[X] — oo ’

2 2 2
Var[X] = w < nT’f

Using Chebyshev’s inequality with ¢ = \\/Var[X]| we obtain, after reversing the inequality,
1
- <Pr{X -E[X] < vk /2}

for some A > 1. On the other hand, we should observe that, due to the assumption that
{z1,...,x} is a distinct sum set, the probability that X has a particular value is equal either
to 0 or 27%. Since there are Anv/k values within |X — E[X]| < Anv/k/2, we obtain

Pr{|X — E[X]| < AnvVk/2} <2 " AnvE.

Comparing the above two inequalities leads to

n >

2k 1 —\2

Since 2/(") < nk, we find

1
F(n) < logyn + 3 logy logyn +O(1),
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which completes the proof of the claim. O

Finally, we discuss the fourth moment method. Here is a simple derivation. Using Holder’s
inequality (2.11) we have

E[Y?] = E[Y|"|Y[**] < E[[Y|*]/PE[|y|*-a!/s

where 0 < a < 2 and 1/p+ 1/¢ = 1. Set now a = 2/3, p = 3/2 (so that 1/p = 2/3 and
1/q = 1/3) to conclude that

E[Y?] < E[Y[*PE[YY)"?,
which yields the fourth moment inequality (cf. [43])

E[Y2]3/2

EHYH > W'

(4.5)

We illustrate the fourth moment method in a simple example, while the reader is encour-
aged to read Berger [43] for considerably deeper analysis.

Example 4.4: Discrepancy of a Sum of Random Variables

As in [69], consider Y = X; + --- + X,, where X; € {—1,0,1} are i.i.d. and Pr{X; =
—1} = Pr{X; = +1} = p/2 while Pr{X; = 0} = 1 — p. Actually, we allow p to vary with n
provided np > 1. We wish to find a lower bound for E[|Y]]. Observe that E[Y?] = np and

n

E[Y?] = zn: zn: zn: > E[XiX; X X))
i=1j=1k=1

=1

When all indices i, j, k, [ are different, then clearly E[X;X; X} X;] = 0. In fact, E[X;X; X, X|]
is not vanishing only if all four indices are the same or two of them are equal to one value
and the other two equal to another value. But there are only O(n?) such indices, thus
E[Y4] = ©(n?p?), and by the fourth moment inequality we prove that

E[[Y]] = Q(vnp).
In fact, one can prove that E[|Y|] = O(,/np). O

We summarize this section by presenting all the results derived so far.

Theorem 4.1 Let X be a random variable.

[First Moment Method]: If X is nonnegative integer-valued, then

Pr{X > 0} < E[X].
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[Chebyshev’s Second Moment Method]: For arbitrary X we have

Var[X]
X =0 < gy
[Shepp’s Second Moment Method]:
Var|X]
Pr{X =0} £ ———+.
X =0k =

[Chung and Erdés’ Second Moment Method]: For any set of events Ay,..., A,

(Sl PAY
i Pr{Ai} + 57, Pr{A; N A;}

[Fourth Moment Method]: If X possess the first four moments, then

E[X2]3/2

4.2 Applications

It is time to apply what we have learned so far to some interesting problems. We start this
section with a kth order Markov approximation of a stationary distribution (see Section 4.2.1).
Then we shall present the Hardy and Ramanujan result [190] concerning the number of primes
dividing a large integer n (see Section 4.2.2), and finally we consider the height in digital trees
and suffix trees (see Sections 4.2.3-4.2.6). In Chapter 6 we shall discuss other applications
of information theoretical flavor in which the methods of this chapter are used.

4.2.1 Markov Approximation of a Stationary Distribution

In information theory and other applications, one often approximates a stationary process by
a kth order Markov chain. Such an approximation can be easily derived through the Markov
inequality; hence the first moment method. We discuss this next. The following presentation
is adopted from Cover and Thomas [75].

Let { X} }22 _ be a two-sided stationary process with the underlying distribution P(z7) =
Pr{X} = 27}. We consider the random variable P(XJ ') and estimate its probabilistic
behavior through a kth order Markov approximation. The latter is defined as follows:

n—1
PH(X3™) = P(Xg ) [T POGIXTDY)
i=k
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for fixed k.
Let us evaluate the ratio P*(X7')/P(X7™!) by the first moment method. First of all,
we have

-1 Pk(ngl)

k n—1
E[M] - Zp(xg )W

P(Xg™h) 0

0
= Y Prap <,
x071

By Markov’s inequality, for any a,, — oo, we have

1. Prxph 1 Prk(xp—t 1
Pr —log(io_l)Z—logan = Pr (70_1)2an < —.
n P(X)™) n P(X]™) an

Taking a,, = n?, we conclude by the Borel-Cantelli lemma that the event

1. Pq(xZ Y _ 1
—log —-90 2 > "]
n8 P(X)Y T n 08 tin

occurs infinitely often with probability zero. Hence,

Pk:(anl)
limsup — log ——02 2 < () a.s.).
T TS e (as.)

Actually, we can also find an upper bound on P(XJ™1). Let us consider P(X7 ' X-1)
as an approximation of P(X{)’*l). We shall again use Markov’s inequality, so we must first
evaluate

El PG ] .

P(Xrh B
PO XL : ‘X;"H

-1 |Eyna1 | ————=—
X [ 1[P<X31|X;o>

Pag )

= E —1 fp(:cgwa:l ) < ].
S P2Y ey *
By the same argument as above we conclude that
1 P(Xyt
lim sup — log Xy ) <0 (as.).

n—oc n - P(XFHXZL) T

In summary, we formulate the following lemma (cf. [8, 75]).
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Lemma 4.2 (Algoet and Cover, 1988 Sandwich Lemma) Let P be a stationary mea-
sure and PF its kth order Markov approzimation, as defined above. Then

Pk anl
li?Hs;palogﬁ < 0 (as.), (4.6)
1 pP(Xy!
lim sup — log Xy ) 0 (as.) (4.7)

1 1 =
for large n.

In fact, the proof of the above lemma allows us to conclude the following: Given € > 0,
there exists IN. such that for n > N, with probability at least 1 — ¢ we have

1

SPROGT) < POGTY) < et XL,

The sandwich lemma was proved by Algoet and Cover [8], who used it to establish the exis-
tence of the entropy rate for general stationary processes. We shall return to it in Chapter 6.

4.2.2 Excursion into Number Theory

We present below Turdn’s proof of the Hardy and Ramanujan result concerning the number,
v(n), of primes dividing a number chosen randomly between 1 and n. We prove that v(n)
is close Inlnn as n — oo. We use the second moment method, thus we again solve a
deterministic problem with a probabilistic tool. We shall follow the exposition of Alon and
Spencer [9].

Throughout this section let p denote a prime number. We need two well-known results
from number theory (cf. [190, 423]):

1
Z— = Inlnz+C + o(1), (4.8)

p<z p

x
= —(1 1 4.9
w@) = (14 o)), (49)
where C is a constant C' = 0.26149. .., and 7(z) denotes the number of primes smaller than
x.

We now choose = randomly from the set {1,...,n}. For prime p we set I, = 1 if p|z, and

zero otherwise. We ask for the number of prime factors v(z) of . Observe that

X = Z I, = v(z).

p<n
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Since x can be chosen on n different ways, and in |n/p| cases it will be divisible by p, we
easily find that
1 1
E[7,] _M_—+O(—),
n D n

and by (4.8) we also have

1 1
EX]=>" (— +0 (—)) =Inlnn+ O(1).
P n
p<n
Now we bound the variance
Var[X] = > Var[[,]+ > Cov[l,[;]] <E[X]+ Y Covl[lI],
p<n pAq<n pAq<n

since Var[l,] < E[I,]. In the above p and ¢ are two distinct primes. Observe that I,I, = 1
if and only if p|x and g|z, which further implies that pg|z. In view of this we have

Covll,I,] = E[I,I,] - E[L]E[l,] = Ln/glpq)J B LnépJ LnéqJ

1 1 1 1 1

= p_q_(i_ﬁ> (6_5>
1/1 1

= & (5 5)

Then by (4.9)
1 n(lnlnn +O(1)) Inlnn _
;}covu gz_o e —O( T ) 0.

Finally, by Chebyshev’s inequality with ¢ = w(n)VInlnn, where w(n) — oo arbitrarily
slowly, we arrive at the main result

C

Pr{lv(z) —Inlnn| > w(n)Vinlnn} <

w(n)’
where ¢ is a constant. This is summarized in the theorem below.

Theorem 4.3 (Hardy and Ramanujan, 1920; Turdn, 1934) For w(n) — oo arbitrar-
ily slowly, the number of x € {1,...,n} such that

lv(z) —Inlnn| > w(n)Vinlnn
is O(n/w(n)) = o(n).
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4.2.3 Height in Tries

In the following subsections, we shall analyze various digital trees, namely tries, PATRICIA
tries, and digital search trees (DST), and their generalizations such as b-tries. As we discussed
in Section 1.1, these digital trees are built over a set X = {X!,..., X"} of n independent
strings of (possibly) infinite length. Each string X* is generated by either a memoryless
source or a Markovian source. We concentrate on estimating the typical length of the height
in such digital trees. We recall that the height is the longest depth in a tree.

In this subsection, we consider a trie built over n strings generated independently by
memoryless and Markov sources. The reader may recall that in Theorem 1.3 we express the
height H,, in terms of the alignments Cj; as

H, = 1§rzn<ajxgn{0¢j} +1, (4.10)
where Cj; is defined as the length of the longest common prefix of strings X% and X7.
Throughout this section, we again apply the first moment method to bound the height from
above, and the Chung-Erdds second moment method to establish a lower bound.

The results of the following subsections are mostly adopted from Devroye [94, 99, 101],
Pittel [337], and Szpankowski [410, 411, 412]. However, the reader is advised to study also a
series of papers by Arratia and Waterman [21, 22, 23, 25] on similar topics.

Memoryless Source.

We now assume that every string from X is generated by a memoryless source. To simplify
the analysis, we only consider a binary alphabet A = {0,1}; hence the source outputs an
independent sequence of 0’s and 1’s with probabilities p and ¢ = 1 — p, respectively. Observe
that P, = p? + ¢ is the probability that two independently generated strings agree on a
given position (i.e., either both symbols are 0 or both are 1). We also write Q2 = 1/P» to
simplify our exposition. Clearly, the alignment C;; has a geometric distribution, that is, for
alli,7 €{1,...,n} and k>0

Pr{C’ij = k‘} = Pék(l - P2)

and hence Pr{C;; > k} = P}.
We now derive a typical behavior of H,. We start with an upper bound. By the first
moment method (or equivalently the Boole inequality), for any nonnegative integer k

Pr{Hn > k} = Pr{ max {Cz]} > k‘} < nQPr{CZ-j > k‘},
1<i<j<n

since the number of pairs (i,7) is bounded by n®. Set now k = [2(1 + ¢)logg, n] for any

e > 0. Then

n2 1

PriH, > 2(1 +¢)logg, n} < n2+e) — pze 0.
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Thus H,/(2logg,n) <1 (pr.).

We now match the above upper bound and prove that H,,/(2logg, n) = 1 (pr.) by showing
that Pr{H,, > 2(1 — ¢)logg, n} — 1 for any ¢ > 0. We set below k = [2(1 — ¢)logg, n].
We use the Chung-Erdés formulation of the second moment method with A;; = {C;; > k}.
Observe that the sums in (4.4) are over pairs (7,7). Let us define

Sl = Z Pr{AZ-j},
1<i<j<n
Sy = Z PI’{AZ‘]‘ N Alm},
(4,5)#(L;m)
where the summation in Sy is over all pairs 1 < ¢,7 <n, 1 <1,m < n such that (i,7) # (I,m).
Then by (4.4)
St

Pr{iH, >k} > .
3 - }_51-1-52

The following is obvious for n > 2

1 k n2 k

Sl == Z PF{A”} == —n(n - 1)P2 2 —P2 .
— 2 4
1<i<j<n

The sum Sy is a little harder to deal with. We must consider two cases: (i) all indices i, j, [, m
are different, (ii) either ¢ = (i.e., we have (i,7) and (i,m)) or j = m (so we have (i,7) and
(1,4)). Let us split Sy = S5 + .59 such that S5 is the summation over all different indices (as
in (i) above), and Sy covers the latter case. Notice that Cj; and Cj,, are independent when
the indices are different, hence

4
n
—P2k.
12
To evaluate S5 we must compute the probability Pr{C;; > k,Ci, > k}. But, as in Sec-
tion 3.3.1, we easily see that

Pr{Ci; > k,Cim >k} = (0° + ¢*)F = P§,

Sy <

since the probability of having the same symbol at a given position for three strings X;, X;
and X,, is equal to P3 = p3 + ¢. But, there are no more than n?/6 pairs with one common
index, thus
é/ < nS(pS +q3)k.
In summary;,
Sy= Y  Pr{Cy>k, Cp>k}< %4132% +nP(p* + ¢*)" .
(4,3),(L;m)

To proceed further, we need to bound the sum S5. We prove a useful inequality in the
following lemma.
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Figure 4.1: Function (p® + q3)% (lower curve) plotted against (p? + q2)%.
Lemma 4.4 For all s >t > 0 the following holds
(P°+¢) < (' + )", (4.11)
where 0 < g=1—p < 1.
Proof. Let f(z) = (p® + ¢%)"/* for > 0. Then

f(z) <p‘”1np+q’”1nq B lnf(fr))
x p*+q" x )

fi(z) =

For p > ¢ define a = ¢q/p. For x > 1 we proceed as follows:

p’lnp+¢®lng Inf(x) 1
— < Inp+ Ing— —1Inp
P+ g T 1+a” 1+a* T
1 1
< e (lnq—lnp)+<1—;> Inp

< 0.

Thus f/(x) < 0 for x > 1 and f(z) is a decreasing function. This can be easily extended
to 0 < x < 1 so the lemma is proved for all x > 0. In Figure 4.1 we plot the function
f(s) = (»° +¢*)"/* for s =2 and s = 3. n
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The rest is easy: An application of the Chung-Erdds formula (4.4) leads to

1
Pr{H, >k} >
O VR S N
1
T AnT2Py R 1 4 16(p3 + ¢3)R ) (nPRF)
1 1
> > =1-0(1/n° 1
T 14+4n72% 4 16n-1Py "7 T 1+ AT + 1607 (1/n) =1,

where the third inequality follows from k = 2(1—¢)logg, n, and the last one is a consequence
of (4.11). Thus we have shown that H,,/(2logg, n) > 1 (pr.), which completes our proof of

Pr{2(1 —¢)logg,n < Hy, < 2(1 +¢)logg, n} =1-0(n"°) (4.12)

for any € > 0, where Q5 V'— P, = p? + ¢%. In passing we should observe that the above

implies the convergence in probability of H,,/ logg, n — 1, but the rate of convergence is too
slow to use the Borel-Cantelli lemma and to conclude almost sure convergence of H,,/logg, n.
Nevertheless, at the end of this section we provide an argument (after Kingman [240] and
Pittel [337]) that allows us to justify such a convergence (see Theorem 4.7 for a complete
statement of the result).

Memoryless Source for b-Tries.

We now generalize the above to b-tries in which every (external) node is capable of storing
up to b strings. As in Theorem 1.3, we express the height H,, in terms of the alignments

Cil ..... b1 as
H. — ) ) 1
" 1§i1<r-r}g)i{b+1§n{0“’m’ZbH} +h
where Cj, 4, is the length of the longest common prefix of strings X, ... X"+ We

follow the same route as for b = 1, so we only outline the proof. First of all, observe that
Pr{C;, . >k} = PF4,

where Py, = p"t! 4 ¢"*! represents the probability of a match in a given position of b + 1
strings X%, ..., X%+, As before, we write Q1 = 1/Py.1. Our goal is to prove that
Hy, ~ (b+1)logg, ., n (pr.). To simplify the analysis, we let Dj = {i = (i1,...,ip41) : ix #
iy whenever k # [} and A; = {Cy, . 4, , > k}.

The upper bound is an easy application of the first moment method. We have for k =
[(1+2)(b+ 1)logg, , n)

Pr{H, >k} = Pr{rrgx{Cl-l,m,in} >k}

"7ib+1

< anrlPr{Ch,-..,’ibJrl >(1+e)(b+1) lOngH n}

1

= e 0
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which is the desired result.

The lower bound is slightly more intricate due to complicated indexing. But in principle
it is nothing else than the second moment method, as in the case b = 1. Let us denote by
S1 and Sy the two sums appearing in the Chung—Erdo6s inequality. The first sum can be
estimated as follows:

(n _ b)b+1

n
S1=) Pr{4} = < )ngﬂ > PF .
o b+1 (b+1)!

The second sum Se we upper bound by

1 2(b+1) 2k b b+1 2(b+1)—i pk
So= 3 PAANA} < o IR 2y )t Bl
i J =

Using the Chung-Erdés formula we obtain

1

Pr{H, >k} > ——
>k 2 e

1

b+1)! p )2+ b btl 2040 Popyn s
(n—l(y)b+1)P,f“+1 + (1 + _) + 2= ( i )[(b + 1)!]2(:,b)2(b+1) 2;%:2;1@11)

n—>b

Setting now k = [(1 —¢)(b+1)logg,, n] and using inequality (4.11) we finally arrive at

1
Pr{H, > (1-¢)(b+1)] '
r{ ( e)(b+1) O08Qp+1 n}p > eyn+e 41 + Z§:1 c2(b)n’e
1
= 1-0(n"°
T O(n™°),

where c1,c2(b) and ¢(b) are constants. In summary, as in the case b = 1, we conclude that
H, ~(b+1) logg,,, 1 (pr.), or more precisely for any € > 0,

1
Pr{(1 — 1)1 <H,<(1 1)1 =1- — 4.1
(1= )b+ Dlogg, ,n < Hy < (14 9)b+ logg, ,m} =1-0 (=), (113)

where ijl = Pyy1 = p"T1 4 ¢**! (see Theorem 4.7 for a precise formulation of this result).

Markovian Source.

Our last generalization deals with the Markovian model. We now assume that all strings
X' ..., X" are generated independently by a stationary Markovian source over a finite al-
phabet A of size V. More precisely, the underlying Markov chain is stationary with the
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transition matrix P and the stationary distribution 7 satisfying @ = #wP. For simplicity,
we also assume b = 1. We shall follow the footsteps of the previous analysis once we find
formulas on Pr{C;; > k} and Pr{C;; > k,Cj,, > k}. In principle, it is not that difficult. We
need, however, to adopt a new approach that Arratia and Waterman [22] called the analysis
by pattern; Jacquet and Szpankowski [216] named it the string-ruler approach; and it was
already used in Pittel [337]. The idea is to choose a given pattern w € AF of length k, and
measure relationships between strings X!,..., X™ by comparing them to w. In particular,
it is easy to see that

Cij >k = Fpear XiX... X} =X/X].. X]=w,

that is, C;; > k implies that there exists a word w of length k such that prefixes of length k
of X* and X/ are the same and equal to w. Let P(w) := P(w) and P*(w) = [Pr{w}]*. Then

P{Cy >k} = > P*(w), (4.14)
we Ak
Pr{Ci; > k,Cin >k} = > > P w)P*(u) i#1l j#m, (4.15)
weAk ue Ak
Pr{Ci; > k,Cimn >k} = > P)w) i=1 j#m. (4.16)
we Ak

To complete our analysis, we must compute the probabilities Pr{C;j; > k} and Pr{C;; >
k,Cim > k} as k — co. As shown in (4.14)-(4.16) these probabilities depend on P(w) where
w € A¥ is a word of length k. Let w = wj,wj, ... wj,. Then

P(w) = Tj1Pj1,52Pj2,53 ** * Pir—1,dk-
Thus for any r we have
Z Pr(w) = Z (lepjl,jz v .p]'k—lvjk)r . (4.17)
wGAk 1§j17j27"'7jkgv

We can succinctly rewrite the above using the Schur’s product of matrices. Let PoPo---oP :=
Pu = {p:]}zv j=1 be the rth Schur product of P, that is, elementwise product of elements of
P. We also write ¢ = (1,1,...,1) for the unit vector, and m,j = (77,..., ;) for the rth
power of the stationary vector. Then (4.17) becomes in terms of matrices just introduced

Z Pr(w) = <7r[r]7 Pﬁ,]_1¢>a
weAk

where (x,y) is the scalar product of vectors x and y. Assuming that the underlying Markov
chain is aperiodic and irreducible, by the Perron-Frobenius Theorem 4.5 (Table 4.1) the above
can be represented for some p < 1 as follows:

<7T[r]7 Aﬁ«T1¢> = )‘][Cr}il<7r[r],r> <17 1zb>(1 + O(pk))a
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Table 4.1: SPECTRAL PROPERTIES OF NONNEGATIVE MATRICES

Let r and 1 be, respectively, the right eigenvector and the left eigenvector of a matrix A
associated with the eigenvalue A, that is,

A=Al , Ar=)\r

To avoid heavy notation, we do not specify whether vectors are column or row vectors since
this should be clear from the context. Consider now a nonnegative matrix A (all elements of
A are nonnegative). We also assume it is irreducible (cf. [200, 327]; the reader may think of
A as a transition matrix of an irreducible Markov chain). Let Aq,..., A, be eigenvalues of A
associated with the eigenvectors ry, ..., ry,. We assume that [A;| > [ > -+ > | Ay

Theorem 4.5 (Perron—Frobenius) Let A be a V x V irreducible nonnegative matriz. Then
o A has a positive real eigenvalue A1 of the largest value, that is, A1 > |Xjx1].
o The eigenvector r1 associated with A1 has all positive coordinates.
o )\ is of multiplicity one.

o A\ > |\iz1| if there exists k such that all entries of Ak are strictly positive or the main-
diagonal entries are strictly positive.

Assume first that all eigenvalues are of multiplicity one. Then the left eigenvectors 11, 1o, ..., 1y
are orthogonal with respect to the right eigenvectors ry,rs, ..., ry, that is, (l;,r;) = 0 for i # j
where (x,y) denotes the inner (scalar) product of x and y. (Indeed, (I;,r;) = ﬁ(li,rﬁ =0

%

since A\; # A;.) Setting (l;,r;) = 1 for all 1 < i < V we can write for any vector x =
1y, x)r; + SV 5 (1;, x)r;, which yields

1%
Ax = <11, X>)\11‘1 + Z<1Z’ X>)\iri-
=2

Since A* has eigenvalues A\¥, A5, ... AF, then — dropping the assumption about eigenvalues
A2, ..., Ay being simple — we arrive at

\4
AkX = <11,X>I‘1)\]1C + Z qz(k:)(lz,x>rl)\f
=2

where ¢;(k) is a polynomial in k (¢;(k) = 1 when the eigenvalues ps, ..., uy are simple. In
particular, for irreducible nonnegative matrices by the above and the Perron-Frobenius theorem
Akx = BAF(1 + O(p*)) for some 3 and p < 1.
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where 1 and r are the left and the right principal eigenvectors of Pf,). In summary, there
exists a constant G > 0 such that

> P BAL (14 0(p"), (4.18)

weAk
hence
Pr{Cyy >k} = Bidly(1+0(")), (4.19)
Pr{Cij > k,Cim > k} = BING(L+0(")  i#1 j#m, (4.20)
Pr{Cij > k,Cim 2k} = PAy(1+0(") =1 j#m (4.21)

for some constants $; > 0 and (G > 0.
We need the following inequality on A[lr/{ that extends Lemma 4.4 to Markov models and
is interesting in its own right.

Lemma 4.6 (Karlin and Ost, 1985) Let P, be the rth order Schur product of a transi-
tion matriz P of an aperiodic irreducible Markov chain, and let A} be its largest eigenvalue.
The function

F(r)= )\[IT/{

18 nonincreasing for r > 0.

Proof. We follow the arguments of Karlin and Ost [228]. From (4.18) we observe that

lim ( > Pr(w)) = Ay < L.

k—o0
we Ak

But (by either a probabilistic argument or an algebraic one)

Z Pr—l—s Z Pr Z Ps

weAk weAF weAk

hence together with the above we conclude that
A[TJ’,S} < )\[T])\[S} (4.22)

Furthermore, it is easy to see that log A, is convex as a function of r. Let now f(s) = log A

and set for r < s < 2r
2r — s s—r
s = r+ 2r.
T T
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By convexity
2r —s 5 —

F(s) < Z—=f(r) + ——f(2r).
But (4.22) implies f(2r) < 2f(r); hence the above yields

and therefore f(r)/r is nonincreasing. This proves the lemma. ]

The rest is an imitation of our derivation from the above. The reader is asked in Exercise 2
to complete the proof of the following for any € > 0

Pr{2(1 —¢)logg,n < Hp, <2(1 +¢)logg, n} =1—-0(n"°), (4.23)

where Q! = Ag) is the largest eigenvalue of P o P = P(y. Thus H,, ~ 2logg, n (pr.).

Almost Sure Convergence.

For simplicity of derivations, we again assume here b = 1. In (4.12), (4.13), and (4.23) we

proved that whp the height H,, of a trie is asymptotically equal to 2logg, n with the rate

of convergence O(n~%). This rate does not yet justify an application of the Borel-Cantelli

Lemma in order to improve the result to almost sure convergence. Nevertheless, we shall show

in this section that H,/(2logg, n) — 1 (a.s.), thanks to the fact that H, is a nondecreasing

sequence. We apply here a method suggested by Kesten and reported in Kingman [240].
First of all, observe that for any n

Hn S Hn+17

that is, H,, — though random — is a nondecreasing sequence. Furthermore, the rate of conver-
gence O(n~¢) and the Borel-Cantelli Lemma justify almost sure convergence of Hy/(2logg, n)
along the exponential skeleton n = s2" for some integers s and r. Indeed, we have

> e <o

r=0
We must extend the above to every n. Fix s. For every n we find such r that

HSQ’“

L ——
2logg, (s2")

s2" <n < (s+1)2".

Since logarithm is a slowly varying function and H,, is a nondecreasing sequence, we have

H H " 21o s+1)2"
lim sup ————— < limsup (s+1)2 80, )

=1 .S.).
n—oo 2 1OgQ2 n r—00 2 1OgQ2 (8 —+ 1)21“ 2 1OgQ2 82r (a S )
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In a similar manner, we prove

H H gor
liminf ——"— > lim inf 52 =1 (as.).
n—00 2lOgQ2 n r—00 2lOgQ2 (8 + 1)2T

We summarize the main findings of this section in the following theorem.

Theorem 4.7 (Pittel, 1985; Szpankowski, 1991) Consider a b-trie built over n inde-
pendent strings generated according to a stationary Markov chain with the transition matric
P. Then

H,, b+1
lim — = ( +_1) (a.s.),
n—oo Inn In )\[b—i—l]

where A\py1) s the largest eigenvalue of the (b+ 1)st order Schur product of P. In particular,

b+1

in the Bernoulli model A\jpy1) = ZY:1 p;, " where p; is the probability of generating the ith

symbol from the alphabet A ={1,...,V}.

4.2.4 Height in PATRICIA Tries

In Section 1.1 we described how to obtain a PATRICIA trie from a regular trie: In PATRICIA
we compress a path from the root to a terminal node by avoiding (compressing) unary nodes
(see Figure 1.1). In this section, we look at the height H, of PATRICIA and derive its
typical probabilistic behavior. To simplify our analysis, we again assume a binary alphabet
A ={0,1} with p < ¢ = 1—p. Actually, we shall write ppax = max{p, ¢} and Qmax = 1/Pmax-
We again assume the memoryless model.

We start with an upper bound for the PATRICIA height. Following Pittel [337] we argue
that for fixed k and b the event H,, > k+b— 1 in the PATRICIA trie implies that there exist
b strings, say X", ..., X% such that their common prefix is of length at least k. In other
words,

H,>k+b-1 = 3

..... i Ciig,.iy 2 k-

-----

This is true since in PATRICIA there are no unary nodes. Hence, if there is a path of length
at least k + b — 1, then there must be b strings sharing the common prefix of length k. But,
as in the analysis of b tries, we know that

Pr{Ci iy...iy > k} = PF,

where P, = p® 4 ¢°. Thus, for fixed b and k(b) = b(1 + ¢) long—1 n

Pr{H, >k+b—1} <nPr{Ci, i i, >k} =O0(n ™).
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The above is true for all values of b; hence we now allow b to increase arbitrary slowly to
infinity. Observe then

. . blogn . logn
lim k(b) = (1+4¢) lim — =(1+¢) lim ———
b—oo b—oo log Pb 1 b—oo log Pb_l/b

I
< (1+ 5)7055? = (1+¢)logg, ..M
10g Pmax

b—1
since limp_, o Pb1 /b < limp_ 00 Pmax = Pmax- In summary, for any € > 0 we just proved that

Pr{iH, > (1 +¢)logg,..n} =0(n"°),

which is the desired upper bound.

Not surprisingly, we shall use the second moment method to prove a lower bound. Let
“1” occur with the probability pmax. Define the following k strings: X = 10..., X =
110...,---, X% =111---10..., where string X% has the first j symbols equal to 1 followed
by a 0. We show that with high probability for k = (1 — €)logg, 7 the above k strings
appear among all n strings X', ... X". Observe that if this is true, then H,, > k + 1 whp.

Let now i = (i1,49,...,i), and define Z; = 1 if X = 10..., X2 = 110...,---, X% =
111---10..., and zero otherwise. Let also
Z=)> 7,
ieD;

where D; = {i = (i1,...,1) : i; # i, whenever j # [}. Observe that
Pr{Z >0} <Pr{H, > k}.
We estimate the left-hand side of the above by the second moment method. First of all,
n\ kCtD)
E[Z] = (k_)pma?c (1 _pmax)ka
since the probability of X is pi . (1 — pmax), and the strings are independent. In a similar

manner we compute the variance

Var[Z] <E[Z]+ Y  Cov[ZZ;].
Di#D;

The covariance Cov|[Z;Z;] depends on how many indices are the same in i and j. If, say
0 <l < k, indices are the same, then

max

n _ —
CovlZ7) < B2 < (2k : l>p’f<’f+1> /21 ).
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Thus by the second moment method

Var|Z]
Pr{Z =0} < B[Z]2
1 k—1
< [ 2 Z <2k‘ ) ﬁl(f)jl)_l(l+1)/2(1 _pmax)2k_l- (424)
=1

Let us now evaluate the above. First of all, for k = (1 — ¢)Inn/Inp,L, we obtain for
some constant ¢

k
0
EZ] > cphhli(1l — pma)"
In? 1—¢)? In?
> exp|(1—¢) nfll _(=¢) nfll —O(lnnlnlnn)
hlpmax 2 lnpmax
1 In?
= exp (—(1—5) nin ) — 00,
2 lnpmax

where ¢ is an arbitrary small positive number. The [th term of (4.24) can be estimated as
follows

n k+1)—1(1+1)/2
( )(+)(+)/(

2k—1) Pmax

_ n =l
)Qk l (2k:—l) mafx'i‘l)/?(

E[Z]Z (n)2

=0 (nilpr;laxm(l - pmaX)il) — 0,

max max)

where the convergence to zero is true for [ < k = (1 —¢)Inn/Inpgl, by the same arguments

12/2

as above (indeed, the function f(I) = n'pmhx is nondecreasing with respect to [ for [ < k =
Inn/Inp,l ). Thus

Pr{H,>(1—¢)lnn/Inp,l.} >1-0 ((exp(—aln2 n+Inln n))

for some a > 0.
In summary, we prove the following result (the almost sure convergence is established in
the same fashion as in the previous section).

Theorem 4.8 (Pittel, 1985) Consider a PATRICIA trie built over n independent strings
generated by a memoryless source with p; being the probability of generating the ith symbol
from the alphabet A ={1,...,V}. Then
) H, 1
lim =

n—c0logn  log pmax

(a.s.),

where Pmax = maX{plaPQa cee 7pV}'
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4.2.5 Height in Digital Search Trees

To complete our discussion of digital trees, we shall analyze the height of a digital search tree
and prove a result similar to the one presented in Theorem 4.8.

We start with a lower bound, and use an approach similar to the one discussed for
PATRICIA tries. Actually, the lower bound from Section 4.2.4 works fine for digital search
trees. Nevertheless, we provide another derivation so the reader can again see the second
moment method at work. Set Zy = n, and let Z; for ¢ > 1 be the number of strings whose
prefix of length ¢ consists of 1’s. We recall that 1 occurs with the probability ppax. Let also
k=(1—-¢)lnn/Inp,l.. Observe that

Zr, >0 = H, >k,

where H, is the height in a digital search tree. We prove that Pr{Z; > 0} whp when
k= (1—¢)lnn/Inpy,l, using the second moment method. Thus, we must find E[Z;] and
Var[Zk].

All strings X',..., X™ are independent, hence Z; has the binomial distribution with pa-
rameters n and pyax, that is, Z1 ~ Binomial(n, pmax). In general, Z; ~ Binomial(Z;—1, Pmax)-
Using conditional expectation we easily prove that (the reader is asked to provide details in
Exercise 8)

E[Z) = npt.., (4.25)
Var[Z;] = npk (1 —pk.). (4.26)
Then for Qmax = 1/Pmax
Var|Z 1
Pr{H, < (1 <)logg, _n} < Pr{Z = 0} < Y22 = e

N E[Zk]Q o np?nax

This proves that H,/logn > 1/log pt, whp.

The upper bound is slightly more complicated. Let us consider a given word w (of possibly
infinite length) whose prefix of length k is denoted as wy. We shall write P(wy) := P(wg).
Define T),(w) to be the length of a path in a digital search tree that follows the symbols of w
until it reaches the last node of the tree on its path. For example, referring to Figure 1.1 we
have T,;(00000...) = 3. The following relationship is quite obvious:

Pr{T,(w) >k} = Pr{T—1(w) > k} + Pr{T—1(w) = k — 1} P(wy),

since when inserting a new string to the tree we either do not follow the path of w (the first
term above) or we follow the path leading to the second term of the recurrence. Observe now
that for given w

Tn(w) > Tnfl(w)a
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so that 7T}, (w) is a nondecreasing sequence with respect to n. Since, in addition, P(wy) < pk ..
and Pr{T,,_1(w) = k—1} < Pr{T,,—1(w) > k — 1}, we can iterate the above recurrence to get

Pr{T,(w) > k} < Pr{T,_a(w) >k} + 2p~  Pr{T, 1 (w) >k — 1},
so that after iterations with respect to n the above yields
Pr{T,(w) >k} < npﬁlaXPr{Tn,l(w) >k —1}.
Iterating now with respect to k, we find
Pr{T,(w) >k} < nFpk .
Set now k = (1 + ¢)logn/log p,,l, to obtain

Pr{H, > (1+¢)log,, '} < 3 Pr{Tu(w)>k)

weAF
< 2nFpl
< exp (k: In2+klnn — k? 1np;ém)
< exp(—k(l4+e)lnn+klnn+ kln2)
< exp(—aln®n) — 0

for some a > 0 as long as € > In2/Inn.

Theorem 4.9 (Pittel, 1985) Consider a digital search tree built over n independent strings
generated by a memoryless source with p; being the probability of generating the ith symbol
from the alphabet A ={1,...,V}. Then

H, 1

im = —
n—oo 10g n 10g Pmax

(a.s.),

where Pmax = maX{plaPQa cee 7pV}'

4.2.6 Height in a Suffix Tree

Finally, we consider the height of a suffix tree built from the first n suffixes of a (possibly
infinite) string X7° generated by a memoryless source. As before, we assume a binary al-
phabet with p and ¢ = 1 — p being the probability of generating the symbols. We denote by
X (i) = X?° the ith suffix, where 1 < ¢ < n. (We recall that a suffix tree is a trie built from
suffixes X(1),...,X(n).) We restrict the analysis to the memoryless model. The reader is
asked in Exercise 7 to extend this analysis to the mixing model.
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The analysis of the height follows the same footsteps as in the case of tries (i.e., we use
the first moment method to prove an upper bound and the second moment method to prove
a lower bound) except that we must find the probability law governing the self-alignment Cj;
that represents the length of the longest prefix common to X (i) and X (j). We recall that
the height H, is related to C;; by H, = max;£;{C;;} + 1.

We need to know the probability of A;; = {C;; > k}. Let d = |i — j| and consider suffixes
X (i) and X (i + d). Below, we assume that j =i+ d. When d > k, then X (i) and X (i + d)
are independent in the memoryless model, hence as in tries we easily find that

Pr{Ciira >k} =PF d>k,

where P, = p? + ¢%. The problem arises when d < k. We need to identify conditions under
which k symbols starting at position i are the same as k symbols following position i + d;
that is,

Xii+k—1 _ ij:g+k71’
where X! TF~1 and X fijJrk_l are k-length prefixes of suffixes X (i) and X (i + d), respectively.
The following simple combinatorial lemma provides a solution.

Lemma 4.10 (Lothaire, 1982) Let X{° be a string whose ith and jth suffives are X (i) =
X and X (j) = X7, respectively, where j —i=d > 0. Also let Z be the longest common
prefiz of length k > d of X (i) and X (j). Then there exists a word w € A? of length d such
that

Z = w4y, (4.27)

where w is a prefir of w, and w' is the string resulting from the concatenation of | = |k/d|
copies of the word w.

We leave the formal proof of the above lemma to the reader (see Exercise 9). Its meaning,
however, should be quite clear. To illustrate Lemma 4.10, let is assume that X% = X342 =
L1 ... LILITy ... L4 ... T1T2 ... Lqx1Te, where k = 2d+2 and d > 2. One easily identifies w =
T1Ty...Tq and w = x1x9. The common prefix Z of X{Hd*l and Xfifd can be represented
as Z2912 = w2, as stated in Lemma 4.10.

In view of the above, we can now derive a formula on the probability Pr{C;1q > k},
which is pivotal to our analysis of the height. An application of Lemma 4.10 leads to

Pr{Ciiva>k} = > Pwti*o) (4.28)
weAkNd
= (p%“l + qL%J“)CH (pt%J” - qL%J”)T : (4.29)

where r = k — d|k/d] and k A d = min{d, k} (so word w has length k A d). Observe that
by restricting the length of w to k A d, we also cover the case k < d, in which case we have
Pr{Ciira >k} = (0* + ¢*)*.
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To see why (4.28) implies (4.29), say for d < k, we observe that d — r symbols of w must
be repeated [ = |k/d] times in w', while the last r symbols of w must occur [ + 1 times. The
probability of having the same symbol on a given position in [ strings is p!*! + ¢/*!'. Thus
(4.29) follows.

Before we proceed, we need an inequality on (4.29), which we formulate in the form of a
lemma.

Lemma 4.11 For d < k we have
ktd
Pr{Ciiva >k} < (0® +*)"? = P, (4.30)
Proof. The result follows from Lemma 4.4 (cf. (4.11)) and (4.29). Indeed, let P, = (p' +¢').
Then

L(d=r)(I+1)+r(14+2)]

ktd
Pr{Ciita >k} = P Py < PY =5,

since k = dl + r. []

Now we are ready to prove an upper bound for the height. We use the Boole inequality
and the above to obtain

k n
Primax{Cia} >k} < n (Z Pr{Ciiva>k}+ > Pr{Ciita> k})
h d=1 d=k+1

k ktd n
< n P+ > P
d=1 d=k+1
k41
< n (P2 T (1-VP)! —i—nPQ]“) ,
where the second inequality is a consequence of Lemma 4.11. From the above we conclude
that .
Pr{iH, > 2(1+¢)logg, n} = Pr{m%x{Cin} >2(1+¢)logg,n} < o
Z?

where (as before) Qo = Py ! and c is a constant. Thus whp we have H,, < 2(1 +¢) logg, n.
For the lower bound, we use the Chung and Erdés second moment method, as one can
expect. We need, however, to overcome some difficulties. Let D = {(4,7) : |i — j| > k}.
Observe that
St
Si+ Sy’

Pr{H, >k} = Pr{U Ay} > Pr{ U Aijt =
it i,j€D
where
Sl = Z Pr{Aij},
i,J€D
Sy = Z PI’{AZ‘]‘ N Alm}
(4,9)#1,m)ED
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The first sum is easy to compute from what we have learned so far. Since |i — j| > k in D
we immediately find that
Sy > (n? — (2k 4+ 1)n) Pk,

To compute Sy we split it into three terms, S51, Sog and Ss3, such that the summation in So;
(1 =1,2,3) is over the set D; defined as follows:

D1 = {(i,7),(,m) € D: min{|l —il|,|l — j|) > k and min{|m —i|,|m — j|) > k}

Dy = {(i,5),(l,m) € D: min{|l — |, |l — j|) > k and min{|m —i|,|m — j|) < k
or min{|l —i|, |l — j|) < k and min{|m —i|,|m — j|) > k}

Ds = {(i,4),(l,m) € D: min{|l —i|,,|l — j|) < k and min{|m —i|,|m — j|) < k}

Using arguments as in the case of tries, we obtain

So1 = Z Pr{Aij N Alm} < ??,4P22k,
(4:),(L,m)€D1

Soy = S Pr{A N A< Y. Pr{d;n A} <8kn’Py < 8kn2P§’“
(,3),(Lm)€D> (4,9),(i;m)€D2

Soz = Z PI’{AZ‘]‘ N Alm} < Z PI’{AZ‘]‘ N Azg} < 16k2n2P2k,
(4,3),(lm)€Ds (.5),(1.7)€Ds

where, as before, P; = p? 4 ¢3. The last inequality for Soy follows from Lemma 4.4. The rest
is a matter of algebra. Proceeding as in Section 4.2.3 we arrive at

1 logn
Pr{H, > 2(1 —¢)logp, n} > =1-0
{Hn ( Jlogg,n} = 1+ cin——<logn + con=2% ( ) ’
for some constants c1,co. As before we can extend this convergence in probability to almost
sure convergence by considering an exponential skeleton n = s2". Thus, we just proved the
following interesting result.

Theorem 4.12 (Devroye, Rais, and Szpankowski, 1992) Consider a suffiz tree built
from n suffizes of a string generated by a memoryless source with p; being the probability
of generating the ith symbol from the alphabet A ={1,...,V'}. Then

. H, 1
lim = —  (as.),
n—oo log n 10g P2

where Py = YV, p?.

In passing we point out that results of Sections 4.2.3-4.2.6 can be extended to the mixing
probabilistic model (cf. [337, 411, 412]). The reader is asked to try to prove such extensions
in Exercises 6 and 7. Additional details can be found in Chapter 6.
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4.3 Extensions and Exercises

4.1 Prove the following alternative formulation of the second moment method. Let {A4;}7
be a set of identically distributed events such that nPr{A;} — oco. If
PriAild;)

as n — oo, then Pr{lUi=; 4;} — 1.

1

4.2 Consider the height of a b-trie in a Markovian model and prove
Pr{(b+1)(1 —¢)logg,,, n < Hp < (b+1)(1 +¢)logg,, } =1—-0(n"°),
where ijrll = Ap+1) s the largest eigenvalue of Py ) =Po---P.

4.3 Find another proof for the lower bound in the derivation of the height in PATRICIA
tries.

4.4 A Extend the analysis of PATRICIA tries to a Markovian source. What is the equiv-
alence of pyax in the Markovian model? (see Chapter 6.)

4.5 A Extend the analysis of digital search trees to a Markovian source.

4.6 A (Pittel 1985) Establish typical behaviors of heights in all three digital trees in the
mixing model (see Chapter 6).

4.7 A (Szpankowski, 1993) Extend the analysis of the height in a suffix tree (see Sec-
tion 4.2.6) to the mixing model.
4.8 Prove (4.25) and (4.26).

4.9 Prove Lemma 4.10.

4.10 A (Pittel, 1985) Consider the fill-up level F,, (see Section 1.1) in tries, PATRICIA tries
and digital search trees. Prove the following theorem:

Theorem 4.13 (Pittel, 1985) Consider tries, PATRICIA tries, and digital search
trees built over n independent strings generated by a memoryless source with p; being
the probability of generating the ith symbol from the alphabet A= {1,...,V'}. Then

. F, 1
lim = — (as.),
n—o00 1og n 10g Drmin

where pyin = min{p1,p2,...,pv}.
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Can this theorem be extended to suffix trees?

4.11 W Consider again digital trees as above, including suffix trees. Using the same notation
as in Exercise 10, prove or disprove the following result.

Theorem 4.14 Consider digital trees built over n independent strings generated by a
memoryless source with p; being the probability of generating the ith symbol from the
alphabet A ={1,...,V}. Then

. Sn 1
lim = —
n—o0o log n 10g Prin

(a.s.),
where Pmin = min{plap% <. 7pV}'

4.12 Consider the following “comparison” of two random strings. Let X{* and Y™ of length n
and m < n, respectively, be generated by a binary memoryless source with probabilities
pand g = 1—p of the two symbols. Define C; to be the number matches between Xf'km_1
and Y'; that is,

m
C’i = Z equal(X’iJrjflu Y]))
j=1

where equal(z,y) is one when x = y and zero otherwise (i.e., the Hamming distance).
Define My, = maxi<i<n—m+1{Ci}. Prove that if logn = o(m) then
M,
lim —= =P, (as.),

n—oo m

where Py = p? + ¢°.

4.13 A (Atallah, Jacquet, and Szpankowski 1993) Consider the same problem as in Exer-
cise 12 above. Let n = ©(m®) and P3 = p? + ¢3. Define

(P, — P —3)(P, — 3P% +2P)

p= :
6(Ps —p3)
Prove that if P, — P; < (1 — «)f then M,,,, — mP ~ /2m(P, — P5)logn (pr.) as
n,m — oo.
4.14 Consider an n-dimensional unit cube I,, = {0,1}" (i.e., a binary sequence (z1,...,%y,) is

regarded as a vertex of the unit cube in n dimensions). Let T, be the cover time of a
random walk; that is, the time required by a simple walk to visit all 2" vertices of the
cube. Prove that T;, ~ (1 +n)2" log2 whp.
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Chapter 5

Subadditive Ergodic Theorem and Large
Deviations

Summary: The celebrated ergodic theorem of Birkhoff finds many applications in computer
science. However, for the probabilistic analysis of algorithms a generalization of it due to
Kingman, called the subadditive ergodic theorem, is even more important. Kingman’s result
proves the existence of a limit, but neither says what the limit is nor what is the rate of
convergence. Azuma’s inequality tries to remedy the latter problem. Its easiest and most
general derivation is based on Hoeffding’s inequality for martingale differences. We also
review martingales since they are useful probabilistic tools for the analysis of algorithms.

HE ERGODIC THEOREM of Birkhoff asserts that a sample mean of a stationary er-

godic process converges almost surely and in moments to the actual mean of the process.
In the analysis of algorithms we often encounter a situation in which a quantity of interest,
say X, satisfies either a subadditivity property (i.e., X§ < X" + X} for m < n) or a su-
peradditivity property (i.e., X > X" + X). Does it suffice to conclude that X /n has a
limit as n — oco? In 1976 Kingman [240] proposed conditions under which the answer is in
the affirmative. We shall discuss in this chapter a generalization of Kingman’s subadditive
ergodic theorem and its applications to the analysis of algorithms.

The subadditive ergodic theorem has its “cavity.” It says that a limit exists but does
not say what it is. Actually, finding this limit might be quite troublesome. But we can do
the next best thing, namely, show that the process X{/n is well concentrated around its
limit. This can be accomplished through a powerful lemma initiated by Azuma, and further
developed by others (cf. McDiarmid [312], Talagrand [418, 419]). We present here a proof
of Azuma’s inequality based on martingale differences. Martingales find many applications
in the probabilistic analysis of algorithms, and we shall review here some of their properties.
In recent years, Talagrand [418] developed a novel isoperimetric theory of concentration

99
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inequalities. We will not discuss it here. The reader is referred either to the original paper of
Talagrand [418], or a more readable account of Steele [402], Talagrand [418] or McDiarmid
[185]. Finally, we observe that Azuma’s inequality is an example of a large deviations result.
We discuss here in depth large deviations theory of i.i.d. random variables. We shall return
to large deviations in Chapter 8.

In the applications section of this chapter we first discuss two pattern matching prob-
lems, namely, the edit distance problem and the Knuth-Morris-Pratt algorithm. The third
application deals with a certain problem that arose in the analysis of the hashing with lazy
deletion, in which martingales play a crucial role.

5.1 Subadditive Sequence

Let us start with a deterministic situation. Assume a deterministic sequence {z, }22, satisfies
the subadditivity property, that is,

Tm4n S T, + LT,

for all integers m,n > 0. We will prove that

for some a € [—00,00). Indeed, it suffices to fix m > 0, write n = km + 1 for some 0 <1 < m,
and observe that by consecutive applications of the subadditivity property we arrive at

Ty < kx,, +xp .
Dividing by n, and considering n — oo with n/k — m, we finally arrive at

. Tn . . Tm
limsup — < inf — =« ,
n—oo n m>1 m

where the inequality follows from arbitrariness of m. This completes the derivation since

. . 2 Tn
liminf — > «
n—oo n,

is automatic from the definition of liminf (cf. Table 5.1). We just derived the following
theorem of Fekete.

Theorem 5.1 (Fekete, 1923) If a sequence of real numbers {x,} satisfies the subadditive
condition

for all integers m,n > 0, then
lim — = inf —. (5.2)
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If the subadditivity (5.1) is replaced by the superadditivity property
Timtn = Tn + Tm (5.3)

for all integers m,n > 0, then

Example 5.1: Longest Common Subsequence

In Section 1.5 we discussed the longest common subsequence (LCS) problem, which is
a special case of the edit distance problem. To recall: Two ergodic stationary sequences
X=X1,Xo,....X,and Y =Y1,Ys,...,Y, are given. Let

L,=max{K: X;, =Y, for 1 <k <K, where 1<1i; <ip<---<ig<mn,
and 1<j1 <jo<---<jig <n}

be the length of the longest common subsequence. Observe that
Ll,n > Ll,m + Lm,na m > n,

where L, ,, is the longest common subsequence of X/ and Y,;;. The above inequality follows
from a simple observation that the longest subsequence may cross the boundary of X{*, Y™
and X, Y hence it may be bigger than the sum of LCS in each subregion (1, m) and (m,n).
Thus, a,, = E[L1 ] is superadditive. By Theorem 5.1

a E[L,,]

. n
lim — = a = sup
n—oo n m>1 m

Interestingly enough, we still do not know the value of « even for the i.i.d case (memoryless
source). Steele in 1982 conjectured that o = 2/(14+/2) ~ 0.8284, and some simulation studies
support this guess. The best bounds were due to Deken [88], who proved that 0.7615 < a <
0.8376, until 1995, when Dancik and Paterson [80] improved them slightly.

Example 5.2: Rate of Convergence in Theorem 5.1 Can be Arbitrarily Slow
Let x,, = f(n) > 0 with f(n)/n decreasing where f is an arbitrary function. Then

flntm) flntm) flm) fn)

Twtm = f(ntm)=m n+m n n+m sm m o n

= ZTym+Tn.

Thus
lim In _ inf _f(m)

n—oo n m>1 m
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Table 5.1: BASIC PROPERTIES OF LIMSUP AND LIMINF.

We start with a formal definition.

Definition 5.2 Let a, be a sequence of real numbers. Limit superior and limit inferior are
defined as

lim sup a = inf{supia = lim sup a s

. pan ">O{k>2{ k}} " <m>I7)1 m)
l'l[l'lf(ln = 1P inf {a = lim inf Am | -
1”—‘100 7S-L>0{li2n{ k}} 7l—>1 [e’e) (nll>n )

The following theorem is useful.

Theorem 5.3 We say that L < oo is the limit superior of ay if the following two conditions
hold:
(i) For every € > 0 there exists an integer N such that n > N implies

anp < L + ¢,

that is, the above holds for all but finitely many n;
(ii) For every e > 0 and given m, there exists an integer n > m such that

anp > L —¢,

that is, infinitely many a, satisfy the above condition.
A similar statement is true for limit inferior.

In words, we can characterize the above limits as follows: Let us consider liminf a,. Take
all possible convergent subsequences a,, of a,, and let E' be the set of all limits of such
subsequences. Then liminfa, = inf E. Observe that liminf a,, and limsup a, always exist,
and lim a,, = a if and only if liminf a,, = ¢ = lim sup a,,.

Finally, in applications we often use the following simple result.

Theorem 5.4 Assume that a,, < b, for alln=1,2,... Then we have

liminf a,, < liminfb,, limsup a,, < limsup b,.

n—0o0 n—oo n—o0 n—0o0
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and due to the arbitrariness of f the convergence can be as slow as desired. O

It should not be a surprise that the subadditivity property can be relaxed while still
keeping unchanged the main thesis of Fekete’s theorem. For example, if x4y < xp + 2 +c,

where ¢ is a constant, then y,, = x, + ¢ satisfies the subadditivity property, hence z,,/n has
a limit that is equal to inf x,,/m. Can we replace the constant ¢ by a sequence ¢, = o(n)
so that the thesis of Fekete’s theorem still holds? The next result solves this problem, while
exercises provide further generalizations. We shall follow the presentation of Steele [402].

Theorem 5.5 (De Bruijn and Erdés, 1952) Let ¢, be a positive and nondecreasing se-
quence fulfilling

2_: k—’“ (5.5)

If x,, satisfies
Tnim < Tn + Ty + Cngm, (56)

then

Proof. The idea is to find a new sequence b,, = o(n) such that a,, = x,, + b, is subadditive.

Let
n—nz ,ICQ’

which is o(n) due to (5.5). Observe that monotonicity of ¢, implies

h+1 1 1
Ck 2
> — - -
Z: /ﬂ—cf/g = Cf(e h+1)

Define a,, = x,, + by, and assume without loss of generality that m > n. Then

m+an m+an
Am4n — Qp — Q= = xn+m—xn—xm—mzﬁ—nzﬁ
k=m k=n
< <1 1 ) <1 1 >
c —mc _ | —nc, | - — ——
= ndm "\m n4+m+1 "\n n4+m+1
< o (ogirs) ~o (- i)
—_— _C _——_—_—
- M™\m4+n+1 " n+m+1
m-+n
< — 1
= C”(m+n+1 )
< 0,
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where the inequalities in the third and fourth line follow from the monotonicity of ¢,, and
the last inequality is a consequence of the positivity of ¢,. Thus we prove that x, + b, is
subadditive and its limit is equal to inf,,>1(zm/m + by/m). But, by (5.5) by/m = o(1),
which completes the proof. ]

As the reader may expect, there are many interesting embellishments of the subadditive
theorem. We discuss some of them in the exercises section, but two stand out above all and
we present a short account of them here following Steele’s presentation from [402]. The first
one deals with the rate of convergence (for a generalization see Exercise 2).

Theorem 5.6 (Pdélya and Szegd, 1924) If a real sequence x,, satisfies
T+ T — ¢ < Ty < T+ T + € (5.7)

for all n,m > 1, then there is a finite constant o such that

X
- _a <
n

<

n

for allm > 1.

Proof. First of all, observe that setting m = n in (5.7) we obtain

Tom Im < C

2m m |~ 2m

for all m > 1. Also, since x,, + ¢ is subadditive, by Fekete’s theorem z,/n — inf z,,/m = a.
Using this and the above we obtain

Lo2m Tm

Tam, Tom, C C
I L T - =
2m  m Z ’

R 4dm 2m

Lm
m

as desired. m

Finally, the next theorem due to De Bruijn and Erdés shows that we can relax the
requirement that the subadditivity holds for all m and n. We ask the reader to prove it in
Exercise 3 (cf. [402]).

Theorem 5.7 (De Bruijn and Erdés, 1952) If a real sequence x,, satisfies the subaddi-
tivity condition for the restricted range of m and n

1

Tm+n <zhn+THm for =n<m< 277,’

then
. Tn . Tm
lim — = inf —
n—oo M m>1 m

:a’

where —oo < a < 00.
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5.2 Subadditive Ergodic Theorem

In the early seventies there was a resurgence of interest in generalizing Fekete’s deterministic
subadditivity result to a sequence of random variables. Such an extension would have an
impact on many research problems of those days. For example, Chvatal and Sankoff [67] used
ingenious tricks to establish the probabilistic behavior of the Longest Common Superstring
problem (see Example 1), while it is a trivial consequence of a stochastic extension of the
subadditivity result. In 1976 Kingman [240] presented the first proof of what later will be
known as the Subadditivity FErgodic Theorem. Below, we present an extension of Kingman’s
result due to Liggett [288] and Derriennic [93].

To formulate it we must consider a sequence of doubly indexed random variables X}, =
(Xoms Xmnt1, - - -, Xp). However, traditionally, when dealing with subadditivity theorems, one
denotes such a substring as X, ,, = X}, and we adopt it here. Our goal is to say something
about probabilistic behavior of Xg ,, as n — 0o, when X ,, satisfies the subadditivity property.
One expects that Xo, ~ na in a probabilistic sense, where « is a constant. This turns out
to be true under certain assumptions specified below in the subadditive ergodic theorem.

Theorem 5.8 (Kingman, 1976; Liggett, 1985) Let X,,,, (m < n) be a sequence of ran-

dom wvariables satisfying the following properties:
(i) Xon < Xom + Xonn (subadditivity);

(ii) For every k, {Xpp m+1)k> ™ > 1} is a stationary sequence.
(i
(i

)
)
) The distribution of { Xy m+k, k> 1} does not depend on m.
)

v) E[Xo,1] < oo and for each n, E[X( ] > con where ¢y > —o0.

Then
lim ElXo,] = inf ElXon] = q, (5.9)
n—oo  n m.m
and also
lim 207 _ ¥ s and in L, (5.10)

n—oo N,

such that E[X] = a. Finally, if all stationary sequences in (i) are ergodic, then

li XO,n
1m

n—oo N,

=a (as.). (5.11)

Clearly, (5.9) follows directly from Fekete’s Theorem 5.1 while the proof of almost sure
convergence and in mean (5.10) is beyond the scope of this book. An accessible proof can
be found in Durrett [117]. Also, the original proof of Kingman [240] is readable. In fact,
Kingman proved a weaker version of the theorem in which (ii) and (iii) are replaced by
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(ii’) Xy, is stationary (i.e., the joint distributions of X, ,, are the same as X, 11 n41) and
ergodic.

There are examples in which (ii’) does not hold while Liggett’s version works fine (cf. [117]).
Before we proceed with examples (see also Section 5.5) we mention a generalization of
the subadditive ergodic theorem that is known as the almost subadditive ergodic theorem.

Theorem 5.9 (Derriennic, 1983) Let (ii’) and (iv) above be fulfilled and (i) be replaced

by
XO,n S XO,m + Xm,n + Am,n (512)

where Ay, > 0 and limy, oo E[Aq,/n] = 0, then (5.11) holds.

We must point out, however, that the above findings establish only the existence of a
constant « such that (5.11) holds. They say nothing of how to compute the limit, and in fact
many ingenious methods have been devised in the past to bound the constant.

Example 5.3 The First Birth Problem for an Age-Dependent Branching Process
Let us consider an age-dependent branching process in which each individual ¢ lives for
time t; distributed as F' before producing k offspring with probability pg. The process starts
with one individual in generation 0 who is born at time 0, and when dying its offspring
start independent copies of the original process. Our interest lies in estimating the birth
time B,, of the first member of generation n (cf. [46, 47, 241]). To estimate By, let By,
be the birth of the first individual in generation m, and B,, , be the time needed for this
individual to have an offspring in generation n > m. Little reflection is needed to find out that
By, < By + Binn; however, it is not true that for [ > 0 we also have By, < By, + By -
Since B,, = By, is a nonnegative process, all assumptions of Theorem 5.8 are fulfilled, and
therefore there exists a constant « such that
By,
- —a (a.s.).
Interestingly enough, in this case we can compute the constant a. In Exercise 16 we guide
the reader through Biggins’ derivation (cf. [46]).
The first birth problem is of prime importance to the analysis of algorithms since in 1986
Devroye [96] used it to prove the long-standing conjecture concerning the height of a binary
search tree (cf. also Drmota [105, 106] and Reed [352])

Example 5.4 Increasing Sequences in Random Permutations

Let m be a permutation of {1,2,...,n} and let [,(7) be the longest increasing sequence
in 7, that is, the largest k for which there are iy < 79 < -+ < i) such that 7(i;) < 7(iz) <
-+ < m(ig). This example is interesting since it is easy to see that [,,(7) is not linear in n,



107 Subadditive Ergodic Theorem and Large Deviations

hence the subadditive ergodic theorem cannot be applied. We have the following estimate by
Boole’s inequality

Pr{l,(m) > 2ev/n} < exp(—2ev/n).

Indeed, there are (Z) subsequences of length k£ and each has probability 1/k!, so that

n\ 1l
Pr{l,(m) > k} < <k> =k
Using Stirling’s approximation with k& = 2ey/n, one proves the above estimate. But for any k

E(l,(r)] = Y iPr{l,=it+ > iPr{l, =1}

0<i<k k+1<i<n

k+ nPr{l,(7) > k},

IN

hence for sufficiently large n we have E[l,,(7)] < ¢y/n for some ¢ > e. The longest increasing
sequence cannot grow linearly!

To circumvent this problem, we follow Hammersley and poissonize, that is, embed the
process l,(m) into a Poisson stream of rate 1 in the plane. Poissonization is a powerful
probabilistic technique to which we devote Chapter 10 of this book. We denote by (¢, s) (t <
s) the length of the longest increasing sequence in the rectangle with corners (s, s), (s, 1), (¢,t)
and (t,s). By the longest sequence in the plane we mean the largest k for which there are
points (z;,y;) in the Poisson process with s < z; < -+ < ap <tand s <y; < -+ <y, < t.
Now, we are in the superadditive world, that is,

1(0,s+1t) >1(0,8) + I(s,s + 1),

since the longest increasing sequence can go through two other rectangles not included in
1(0,s) and [(s,s +t). Then, by the superadditive ergodic theorem

lim — =a (as.).

The ease with which we obtain this result has its price. We must depoissonize it to recover the
probabilistic behavior of [,,(7). Chapter 10 is devoted to analytic depoissonization. Here we
apply a theorem from that chapter adopted to our situation. Let us concentrate on estimating
the average E[l,,(7)], which we denote for simplicity as g,. The idea is to choose such ¢ that
on a square of the area t? there are exactly n points. In other words, we shall condition on
the Poisson process having n points in the square (0,¢)2. It is well known (cf. [402, 369))
that, under the conditioning on n, {(0,¢) has the same distribution as I,,(7). But we just

proved that
- (tQ)k —t2
E[(H)] = g e at (5.13)
k=0 ’
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for large t. We need to recover g, = E[l,,(7)] for large n from the above. This is exactly
where the analytic depoissonization can help. Setting > = z in (5.13), we observe that
the Poisson transform G(z) = .22, gkzk—lje_z of g, = E[l,,(7)] grows like ary/z; hence by the
depoissonization Theorem 10.3 in Chapter 10 we conclude that E[l,,(7)] = g, = ay/n+o(y/n).
a

5.3 Martingales and Azuma’s Inequality

The subadditive ergodic theorem is a very powerful tool that allows us to predict the growth
rate of a quantity of interest. As we have seen before (cf. Example 4), the technique is not
restricted to linear growth, but then one must also use other approaches. The drawback
of the subadditivity method lies in its inability to evaluate the constant «. But we can
try to do the next best thing, namely, assess the deviation from the most likely value an.
This is known as the concentration of measure (probability). Surprisingly enough, there is
a general technique for the concentration of measure even without any knowledge about «.
Such results are known in literature under the name Azuma’s inequality or the method of
bounded differences (cf. [312]).

Azuma’s inequality is an outcome of Hoeffding’s large deviations lemma applied to mar-
tingales. Before we plunge into technical details, we would like to make two comments.
Large deviations is discussed in depth in the next section of this chapter and we return to it
in Chapter 8. Azuma’s inequality could be viewed as a special case of large deviations, but
its applicability and usefulness deserve a special attention. In fact, at the heart of Azuma’s
inequality are martingales. Martingale is another very useful tool in the probabilistic analysis
of algorithms, so we recall their basic properties in Table 5.2. The applications Section 5.5.3
provides a more sophisticated example of martingales applications. In passing, we mention
here that Régnier [355] (cf. Mahmoud [305]) used the martingales convergence theorem to
establish the limiting distribution of the path length in a binary search tree or the quicksort
algorithm (cf. [76, 110, 193, 258, 313, 370, 381, 420]).

Martingales are standard probabilistic tools, and the interested reader is referred to Dur-
rett [117] for a more detailed discussion. Of supreme importance for martingale is its conver-
gence theorem (see Theorem 5.12). However, in the analysis of algorithms a bound on the
degree of fluctuation of a martingale is even more interesting. This bound will lead directly
to Azuma’s inequality, which finds an abundance of applications.

Let then {Y,,}>2, be a martingale with respect to the filtration F, or simply Y, is a
martingale with respect to Xo, X1, ..., as discussed in Definitions 5.10 and 5.11 of Table 5.2.
We now define the martingale difference sequence {D,,}°°; as

Dy =Y, — Y, 1, (5.14)
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Table 5.2: BASIC PROPERTIES OF MARTINGALES

Martingales, besides Markov processes and stationary processes, are another broad class of
processes that often arise in the analysis of algorithms.

Definition 5.10 A sequence Y,, = f(Xi,...,Xn) (n > 0) is a martingale with respect to the
sequence Xo, X1,... if for alln >0

(i) E[[Ys]] < oo,
(ii) E[Yn—f—l‘ Xo,Xl, A 7Xn] = Yn .

We should observe that E[Y,, 1] Xo, X1,...,X,] defines a random wvariable depending on
Xo, ..., Xy (or more precisely, defined on the o-field with respect to each Xo, Xi,...,X,).
The best known and simplest example of a martingale is constructed as follows: Define
S, = X1+ -+ X,, with X; being i.i.d. with mean p = E[X;]. Then, Y;, = S, — nu is
a martingale since

E[Yn+1| XO,Xl,... ,Xn] = E[Yn +Xn+1 —,LL| X07X17"’ 7Xn] = Yn’

where we use the fact that E[Y,| Xi1,...,X,] = Y, since Y,, is completely determined by
X1,..., X,

From the above, we may conclude that for the definition of martingale we require only the
knowledge (i.e., information) obtained from Xy, Xi,...,X,. In fact, this vague idea can be
made rigorous, if we agree to enter the realm of o-fields. We do, since the advantage of
such an approach will be immediately visible (e.g., shortening our notation). In general, let
F = {Fo,Fi,...} be a sequence of sub-o-field of F. We call F a filtration if F,, C Fp4+1 for
all n (i.e., F, is more coarser than F,11). A sequence Y,, (n > 0) is said to be adapted to the
filtration F, if Y,, is F,, measurable for all n (i.e., can be properly defined on F,,). With this
in mind, we can generalize the definition of martingales to the following one.

Definition 5.11 We say that the sequence Y, is a martingale with respect to the filtration F
if for all n > 0 (i) above holds together with

(i) E[Yps1| Fo] =Y, -

We recover the previous definition by choosing F,, = o(Xo, X1,...,X,), i.e., the smallest o-
fields with respect to which the variables X; are defined. Finally, we discuss one result known
as the martingale convergence theorem which we present here in a simpler version.

Theorem 5.12 IfY,, is a martingale with E[Y,;?] < M < oo for some M, then there exists a
random variable Y such that Y, converges toY almost surely and in mean square.
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so that

n
Y, =Y+ > D;. (5.15)
i=1
Clearly, D,, depends only on the knowledge contained in Xy,...,X,, or simply is F,-
measurable where F,, = o(Xo,...,X,) is the smallest o-field generated by (Xo,...,X,).
Also, by the definition of martingales E[|D,|] < cc. In fact, for all n,

E[Dpi1| Fn] = EY,u| F] —EY,F]=Y,-Y,
= 0, (5.16)
hence E[D,] = 0. Actually, let us consider the product D,,41D,,. Observe that
E[Dys1Dn| Fp] = DoE[Dyi1| Fu] = 0.
In general, we can conclude that for any 1 < iy <io < -+ < i <n
E[D;,D;, -+ D;,] = 0. (5.17)

This property, as pointed out by Steele [402], is the only one required to prove Theorem 5.13
below (but we formulate it in a more traditional way and ask the reader to generalize it in
Exercise 4).

Theorem 5.13 (Hoeffding’s Inequality) Let {Y,,}°% be a martingale with respect to the
filtration F, and let there exist constant ¢, such that for all n > 0

Y, — Yioo1] < cn. (5.18)

Then for x >0

n 32‘2
Pr{]Y, — Yo| Z:c}:Pr{|ZDZ-| zx} < 2exp (—27172> (5.19)

i=1 i=16§

Proof. We start with a simple inequality for the exponential function. Observe that for
> 0 the exponential function e’? is convex for any d, and hence on the interval d € (—1,1)
we obtain

1
Pl < (1 —dye P+ 5(1 +d)é’.

N —

If now d is replaced by a random variable D with mean E[D] = 0, then the above becomes
1
E[e’P] < 3 (e_ﬁ + e’g) < e%ﬁg, (5.20)

where the last inequality follows immediately from the Taylor expansions of both sides and
a comparison of the coefficients at 5%*.
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We shall only derive (5.19) for Y,, — Yy > x since our arguments will be valid for the other
side of the inequality. Observe now that by Markov’s inequality (cf. (2.6)) we have

Pr{Y, — Yy > z} = Pr{e?(n=Y0) > (07} < =07 [f(Yn=Y0)] (5.21)

for some 6 > 0. Let D, = Y,, — Y,_1 be the martingale difference. Observe that Y,, — Yy =
Y,-1 — Yy + D,,. Conditioning now on F,,_; (the reader can think of conditioning on all
knowledge extracted from Yp,Y7,...,Y,_1) we obtain

E[QG(Yn7Y0)| fnfl] _ 69(Yn_1*Y0)E[69Dn| fnfl]
< e@(Ynfl—Yo)eéeaji

where the last inequality follows from (5.20) applied to D, /¢, < 1 (cf. (5.18)). Now taking
the expectation of the above with respect to F,, we have

E[ee(Yn—Yo)] S 6%920%E[69(Yn,1—YO)]’

and after n iterations we arrive at
1 n
E[ee(YrYo)] < exp <§9220?> '
i=1

Hence, by (5.21) we prove that

1 n
Pr{Y, — Yy >z} <exp (—956 + 592 ;ﬁ) ,

which becomes (5.19) after the substitution § = x (3 i, c?)f1 (which maximizes the exponent

of the above). This completes the proof. ]

Our derivation of (5.19) is quite simple but we did not get the optimal constant in the
exponent. The reader is asked in Exercise 5 to prove that (5.19) can be improved to

n 9 2
Pr{]Y, — Yp| Zx}—Pr{\ZDi] Zx} < 2exp (-%) (5.22)

i=1 i=1G

Before we derive the Azuma concentration of measure (cf. Theorem 5.15), we illustrate
it in an example. The reader should very carefully study this example since it explains the
main idea behind the Azuma inequality and a construction of martingale differences.

Example 5.5 Bin Packing
Consider n objects with random sizes X1, Xo,..., X, having a common distribution on
[0,1], and an unlimited collection of bins each of size 1. Let B,, := B,(Xi,...,Xy,) be the
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minimum number of bins required to pack the objects. First of all, it is not difficult to see
that B,, is subadditive, that is, By, < Bom + Bmn, hence by Theorem 5.8 there exists a
constant « such that

lim = aq,
n—oo
By
lim — = o (as.).
n—oo M,

The evaluation of « is quite complicated, if possible at all, but we can answer the next
interesting question: how close is B, to its mean value E[B,| ~ an? As expected, we shall
use Hoeffding’s inequality. Thus, we must define a martingale and martingale differences.
Here it comes. Let

Y, = E[Bu(X1,...,X,)| X1,...,Xi]
= E[B,| Fi,

where throughout we assume that F; = o(X1,...,X;). In other words, Y; is the average of
the minimum number of bins required to pack n items, provided someone reveals to us sizes
X1,...,X; of the first ¢ objects. Is it a martingale? Yes, it is, and we prove it below. Our
task is to show that {Y;}7 , is a finite martingale; that is, for all 0 <i¢ <n —1

E[Yi11| 5] = B[E[B,| Fiil Fi] = B[B,| 7] = V.. (5.23)

The second equality, which we shall prove in its whole generality in Lemma 5.14, is at the
heart of many martingale applications. In this example, instead of being general and abstract
we present a simple and boring proof that reveals all the details: We simply prove the above
for n = 3; that is, we show

E[Y,| X1] = B[E[B,(X1, X2, X3)| X1, X3]| X1] = E[Bn(X1, X0, X3)| Xa] = Y1, (5.24)

Indeed, let us compute the above averages. Observe that the right-hand side of the above
becomes

E[Bn(Xl,Xg,Xg,)\Xl]:/ / B(X1, w2, 23) f (X1, @9, 23| X1 )daadars, (5.25)
T Jx3

where f(X1,z2,23|X1) = f(X1,22,23)/f(X1) is the conditional density of (X1, x2,x3) given
X1. Needless to say, the above average is a random variable (since X is a random variable).
Let us now compute the left-hand side of (5.24). Let Z(X1, X2) = E[B, (X1, X2, X3)| X1, Xa];
that is, Z (X1, Xs) is a random function of X;, Xy whose value is

f( X1, Xo,23)

f(Xl, XQ) d.’Eg.

Z(X1,X2) = E[B, (X1, X2, X3)| X1, X5] :/ B(X1, X2, x3)
T3
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Its distribution is f(x1,z2) when X; = z; and Xy = x9. Then,

E[Z(X1, Xo)| Xa] = /IQZ(Xl,CCQ)%d:CQ
UCSIEIETY)

f(X1)

which is equal to E[B, (X1, X2, X3)| X1] as established in (5.25). This proves (5.24). The
same analysis shows that for any 1 < i < n we have E[Y; 1| F] =Y.

Knowing that Y; is a martingale, we define the martingale difference as D; =Y; — Y;_1,
and verify that

= / B(Xl,.’EQ,.’Eg) dCCQd.’Eg,
x9 Jx3

E[Di|Fi1] = E[E[B,| Fi]| Fi—1] — E[By|Fii]
= E[Bn| ‘Fifl] - E[Bn|f'zfl] =0, (5'26)

as desired. In fact, the equality (5.26) follows from (5.23) (see also Lemma 5.14 below).

It remains now to observe that Y, = E[B,|X1,...,X,] = B, and Yy = E[B,]; hence
we are almost ready to apply Hoeffding’s inequality, if we can prove that D; =Y; — Y;_4 is
bounded. The only difference between Y; and Y;_; is that the former knows one more size,
namely X;. But, in the worst case this cannot improve the packing by more than one bin!
Thus |D;| = |Y; — Y;—1| < 1. In view of this, Theorem 5.13 allows us to write

2
Pe{ By — BIB,J| > 2} < 2exp (—2—> |
n
We do not know exactly E[B,], except that it is O(n). Let then x = en for any ¢ > 0. Thus

1
Pr{|By — an| > en} < 2exp (-55%(1 + 0(1)))
which is a useful bound as long as ne? — oo. O

In the above example we used the following result, which is crucial for any martingale
application, in particular, for the Azuma inequality.

Lemma 5.14 If 1 C F3, then

EE[Y|A]F] = E[Y|A] (5.27)
EEY|R]FA] = E[Y|A] (5.28)

In words, the smaller o-field always wins. In particular,

E[E[Y| X1, X2]| X1] = E[Y| X1] = E[E[Y| X1]| X1, X3].
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Proof. The proof of (5.27) is quite simple. Observe that E[f(X)| X] = f(X) since f(X) €
o(X) for a measurable function f. But E[Y|F;| € F; since F; C Fa; hence (5.27) follows.
The second part is a little more intricate, but we have already given a sketch of the proof above
in Example 5. Here is another derivation: Notice that E[Y|F;] € F; and for A € F; C Fy
we have

/ E[Y|F]dP = / YdP = / E[Y|F.)dP,
A A A
which completes the proof. ]
We are now ready to derive the Azuma inequality. Let
Y, =F.(X1,...,Xp)

be a martingale with respect to X,..., X,. Define

D; = E[Y,|F] - E[Y,|Fi-1]

= E[Y,| Xi1,...,.Xi] - E[Y,| X1,..., Xi—1],
which is a martingale difference since by Lemma 5.14
E[D;|Fi—1] = E[E[Y,|Fi| Fi1] — E[Ya|Fi1] = E[Ya|Fia] — E[Ya[Fia] = 0.
Also, it is easy to see that
E[Y,|F,] = Ya, and  E[Y,|F] = E[Y,.],

since Fy does not have any information about X;,...,X,, while F,, completely describes Y,,.

In view of the above, we can apply Hoeffding’s inequality to D; provided they are bounded,
say |D;| < ¢;. However, the real trick of Azuma is to explore this generic representation to
find a simple way of bounding D;. In order to accomplish this, let X; be a new random
variable independent of X; and with the same distribution as X;. The point to observe is
that F; has no information about this new random variable, so that

E[F,(X1,..., X, ..., X)|Fic1] = E[E (X1, ..., X5, ..., Xn)|Fi.
Hence

D; = E[F(X1,.... X, ..., X)|F] —E[Fu(X1,.... X;, ..., Xn)|Fi1]
= E[F,(X1,...,Xi,...,X0)|Fi]| — E[Fu(X1,..., Xi, ..., X0)|Fi.

In view of this, if we postulate for every 1 <i¢ <n
|Fo(X1, .o Xy o X)) F] = Fu(Xa,y ., Xy X)) F| <

then |D;| < ¢;, and Hoeffding’s inequality immediately implies the following Azuma’s result.
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Theorem 5.15 (Azuma’s Inequality) Let Y, = F,,(X1,...,X,) be a martingale with re-
spect to X1, ..., X, such that for every 1 < i < n there exist constant c;

Eo( X1, Xy X)) — Fo(Xy, . Xy X)) < (5.29)
where Xi is independent of X; and has the same distribution as X;. Then

Pr{lY, — E[Y,]| >z} = Pr{|F.(X1,...,Xn) — E[F,(X1,...,X,)]| > x}

$2
1= 1

for some x > 0.

In applications the following corollary is often used. Its proof is a direct consequence of
our previous discussion.

Corollary 5.16 If Xy,..., X, are independent random variables satisfying (5.29) for a func-
tion F,, then (5.30) holds.

In the applications section (Section 5.5) we discuss some nontrivial applications of Azuma’s
inequality. The reader can also consult McDiarmid [312] for many interesting applications in
graph theory. In passing, we point out that the concentration of mean for the bin packing
Example 5 can be obtained directly from the Azuma inequality.

5.4 Large Deviations

Hoeffding’s inequality presented in the previous section is an example of a large deviations
bound when applied to the martingale S,, — nE[X;] where S,, = X1 + --- + X,,. We devote
this section to a detailed discussion of large deviations of .S,,. Before we plunge into technical
details, we first offer an explanation of why one must investigate large deviations and why
the central limit theorem studied so extensively in probability theory is not sufficient.

Let us consider a sequence X1, ..., X, of ii.d. random variables, and let S,, = X7 +---+
X,,. Define y1 := E[X1] and 0% := Var[X;]. To study limiting laws of S,, one must normalize
it appropriately. For example, for the central limit theorem the following normalization is

useful:
~ Sp—np

ovn

Let F,(z) := Pr{s, < z} and ®(x) be the distribution function of the standard normal

distribution, that is,
B(z) = — / Tt
) = — e .
AY4 21 J—co

Sp
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The central limit theorem asserts that F,(x) — ®(z) for continuity points of ®(-), provided
o < oo (cf. [117, 123]). A stronger version is due to Berry-Essén (see Lemma 8.29 of
Chapter 8), who proved that
2p
|Fa(2) — @(2)] < R (5.31)
where p = E[| X —pu|?] < co. Finally, Feller [123] showed that if centralized moments s, . . . , i,
exist, then

1 1.2 r 1 1 1
F,(x) = ®(x) — e 27 n" 2 Ru(z) 4+ 0 (n72"t 2 5.32
o) = 0(0) = e S k(@) +0( ) (5.32)
uniformly in x, where Ry(x) is a polynomial of degree k depending only on p1, ..., u, but not

on n and r. We shall return to these problems in Chapter 8, where we study large deviations
by some analytic methods.

One should notice, however, the weakness of the central limit result that is able only to
assess the probability of small deviations from the mean. Observe that (5.31) or (5.32) are
useful only for z = O(1) (i.e., for S,, € (un — O(y/n), un + O(y/n)) due to a polynomial rate
of convergence as shown in (5.31). To see this even more explicitly we quote here a result of
Greene and Knuth [171], proved in Section 8.4.3, that is valid for discrete random variables,
namely,

1 —r? Ky [T kg [ 13 _3
Pr{S, =un+r}= — T P (20271) (1 ~ 5.1 (E) + 600 (ﬁ ) (n 2) , (5.33)

where k3 is the third cumulant of X7, and r is such that un + r is integer. Now, it should
be clear that when » = O(y/n) (i.e., z = O(1) in our previous formulas) the error term is
of the same order as the leading term of the asymptotic expression; thus the whole estimate
becomes useless.

From the above discussion, one should conclude that the central limit theorem has a
limited range of application, and one should expect another law for large deviations from the
mean, that is, when x — co. The most interesting from the application point of view is the
case when z = O(y/n) (or r = O(n)), that is, for Pr{S,, = n(u+ )} for § # 0. Hereafter, we
shall discuss this large deviations behavior.

Actually, we already touched large deviations results when we derived Hoeffding’s inequal-
ity. To see this, let us define Y,, = 5, — nu where Xi,..., X, are i.i.d. random variables.
Notice that Y,, is a martingale with respect to F,, = o(X1,...,X,,) since

EYo1|Fa] = B[Sy + Xo1 — (n+ DplFa] =S —(n+ Dp—p =Y.

Defining the martingale difference D,, = Y,, — Y,,_1 and recognizing that E[Y,|F,] = Y, as
well as E[Y,,|Fo| = E[Y,,], we derive from (5.22) Theorem 5.17 below (several generalizations
and extensions of this results are discussed in the exercises section).
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Theorem 5.17 (Hoeffding, 1963) Let X1,...,X, be i.i.d. random wvariables such that
| Xi| <1 for everyi. Then

Pr{S, > n(p+9)} <exp (—%n(ﬁ) (5.34)

for d > 0.

In passing we observe that directly from Theorem 5.13 we can obtain a weaker bound,
namely, Pr{S, > n(u+96)} <exp (—%n52).

Let us now further explore the large deviations behavior of S, = X;+--- X, for i.i.d. (not
necessary bounded) random variables. We start with evaluating Pr{S,, > an} as n — oc.
Observe that

Pr{Sn+m > (n+m)a} > Pr{S,, > ma, Syim — Sm > na} = Pr{S, > na}Pr{S,, > ma},

since Sy, and Sy,+m — Sy, are independent. Taking logarithm of both sides, and recognizing
that log Pr{S,, > an} is a superadditive sequence, by Fekete’s Theorem 5.1 we obtain

1
lim —logPr{S, > na} =—1I(a),
n—oo n

where I(a) > 0. Thus S, may decay exponentially (provided I(a) > 0) when far away from
its mean, as we have already seen it for bounded random variables. Unfortunately, we obtain
the above result from the subadditive property that allows us to conclude the existence of
the above limit, but says nothing about I(a). In particular, we must discover when I(a) = 0,
that is, the decay of S, is subexponential. We discuss this next.

We want to know when S, has a subexponential or heavy tail, which will lead to I(a) = 0.
Intuitively, when the tail of the distribution of a random variable X is not exponential, then
the moment generating function defined as

M()\) = E[eM]

cannot exist for A > 0. (We shall discuss in depth generating functions in Chapter 7 for
complex A, but here we assume that \ is real and positive.) To make this claim precise, let
us consider a sequence X1, ..., X, of i.i.d. random variables such that for all A > 0

M(\) = E[e*] = cc. (5.35)

Then we claim ]
lim inf —log Pr{S,, > an} =0, (5.36)
n—oo
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where, as always, S, = X1 + --- + X,,. It suffices to prove that
hmlnf log Pr{t < S, <t+1}=0. (5.37)
Indeed, observe that

hmlnf— log Pr{S, >an} > hmmf — log Pr{an < S, <an+1}

n—oo n—oo n

= |a lim inf ——log Pri{an < S, <an+1}

> \a!n

1
|a| litrg(i)gf n log Pr{t < S, <t+1}.

Y

We prove now that (5.35) implies (5.37). Let us assume the contrary and postulate the
existence of § > 0 such that for ¢ > ¢y the following holds: Pr{t < S, <t+1} < e %, Then
for some constant Cy, > 0, we obtain

B[] — / e)‘SdP(s) <Cut [ dP(s)
—0o0 to
t= to
< Gy + Z MPr{t < S, <t+1}
t=to
< 0 for A <.

Thus the moment generating functions of S, and X7 exist at least for A < §. This contradicts
our basic assumption (5.35) and proves (5.36).

Hereafter, we adopt the hypothesis that the moment generating function of X7 exists;
that is, we assume that

M(\) = E[e*1] < 0o for some A > 0. (5.38)
In addition, we define the cumulant function of X;
K(A) = log M(N).

Certainly, x'(0) = E[X;] = p and £"(0) = Var[X;]. In Exercise 12 we ask the reader to
prove that () is a convex function.

For a moment we drop the assumption about independence of Xi,...,X,. Then by
Markov’s inequality

AMPr{S,, > na} = MPr{Mn > A} < E[eMn]

for any A > 0. Actually, due to arbitrariness of A, subject to A > 0, we just derived the
Chernoff’s bound.
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Lemma 5.18 (Chernoff’s Bound) Let X,..., X, be random variables for which the mo-
ment generating functions M;(\) exist for some X > 0. Then

: —Ana ASn
Pr{S, > na} < min {e Ele ]} (5.39)

for any a > 0.
Example 5.6 Bounds on the Binomial Distribution

Let X; be Bernoulli distributed with Pr{X; = 1} = p and ¢ = 1 — p. Hence, S, =
X1 + -+ + X, has the Binomial(n,p) distribution. By Chernoff’s bound we have

Pr{S, > na} < exp (—na)\ + nln(pe* + q)) .

Set now a = p(1+¢). Instead of finding the optimal A\, we assume that A\ = /3, and we select
G > 0 later. Since

2 o0 7
1 P < 25_ (eB)
n(pe” +q) < pef+pe +p§ o

we find
Pr{S, > na} < exp <—np52 (ﬂ - %ﬂ2 - O(e))) .

Setting 8 =1 — (1 — O(¢))/V/3, for sufficiently small £ > 0 we finally arrive at

Pr{S, > np(1+ &)} < exp(—npe?/3). (5.40)
The reader may follow the above derivation to prove also that

Pr{S, < np(l —¢)} < exp(—npe?/2) (5.41)

for sufficiently small € > 0. a
In the i.i.d. case the bound (5.39) becomes

Pr{Sy > na} < min {exp(—n(aX — 5(X))}

since " "
E[GA(X1++XH)] — E[H €>\Xi] — H E[GAXZ] — 67’11’»‘(}\)’
=1 =1

where the second equality follows from independence. We shall write the above in a different
manner by introducing the Fenchel-Legendre transform:

I(a) = ili%{a)\ —kr(N)}.
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Then
Pr{S, > na} < e ™M@

and we shall prove below a matching lower bound.
We first need to study some properties of the Fenchel-Legendre transform. Let now

L(\) = aX—&(N)
I(a) = supL(\).
A>0
To find an explicit formula for I(a) we must solve a simple optimization problem, that is,
to find such A, if it exists, that L(\,) = I(a). We shall look at A\, among solutions of
L'(N\,) = 0, that is, such that
M'(Xa)

=x'(\,) = —,
a=r(\a) M O)
To study the existence of A, and to prove a lower bound for the large deviations result, we
introduce the twisted distribution known also as the shift of mean method (cf. Section 8.4.3)
and exponential change of measure. Let X? be a random variable with the distribution

Fy(x) = ﬁ [ emar.

It is easy to check that Fy(x) is a distribution function, and

E[XY) = #/(6) = ]]‘é /((g))

(5.42)

The exponential change of measure plays an important role in probability since the mean of
X% can be shifted to any position by selecting proper 6 (e.g., by choosing § = A, the mean
of X% becomes a). Then, we may apply several useful probability laws that are true only
around the mean (e.g., weak law of numbers and central limit theorem). Moreover, since

&"(#) = Var[X?] > 0,

K'(0) = E[XY] is strictly increasing as long as the distribution F is not a point mass at p. In
view of this, and the fact that x’(0) = p, we conclude that for a > p equation (5.42) has at
most one solution A\, > 0 such that it maximizes the concave function L(\).

We now know that \, maximizes L(\); however, to use this fact for the large deviations,
we must relate it to the assumption (5.38) since it might happen that M () is defined only
for A < Aq. To handle this properly, we introduce

xg = sup{z: F(x) <1},
Amax = sup{A: M(\) < oo}.

We are now ready to formulate the basic large deviations result.
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Theorem 5.19 (Large Deviations I) Assume X1,...,X, arei.i.d. Let M(\) = E[e**1] <
0o for 0 < A < Amax, and the distribution of X; is not a point mass at p. Set p < a < xg
and assume there is g € (0, Apax) such that

Then 1
lim —log Pr{S,, > na} = —(aX, —log M(\,)) = —I(a).
n—oo n

Proof. The upper bound follows immediately from the Chernoff bound and the discussion
above. Following Durrett [117], for the lower bound we introduce the twisted distribution
Fy such that A € (Mg, Amax), and consider X37,..., X} with distribution Fy. Observe that
Sy = X{ +--- + X)) has mean E[S)] = nk/(\) > na where the inequality follows from the
monotonicity of x'(A) and A > \,. It is also easy to compute the distribution F of S} in
terms of the distribution F), of S,,. Indeed, since M™()\) is the moment generating function
of S,,, we realize that

an(x) —A
= T .
dFNz)  © ()
Now we obtain
Pr{S, > an} — / dF, (x) = / e A (N)FN (2)

> M"(\)e (1 — Pr{S} < na})
N Mn()\)ef)\na’

where the last line follows from the weak law of large numbers since E[S}\] > na, as shown
above. Thus

1
liminf —log Pr{S,, > na} > —(aX —log M ())),
n—oo n,
and the theorem follows from the arbitrariness of A > A,. [ |

In Theorem 5.19, we assumed that A\, < Apax; however, there is an abundance of examples
(see below) when this condition is violated. In this case, we should replace Theorem 5.19 by
the result below, which we ask the reader to prove in Exercise 14.

Theorem 5.20 (Large Deviations II) Suppose that

lim &'(\) =21 <a.

— Amax

Then 1
lim —log Pr{S,, > na} = —(aAmax — log M (Amax))
n—oo n,

fora > x1.
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Example 5.7 Large Deviations of Some Known Distributions
We apply here the large deviations results to some distributions.
1. STANDARD NORMAL DISTRIBUTION: In this case it is easy to check that

1 o)
MO) = —= [ ey — ¥
—00

by completing the square in the exponent. Then x(\) = 5)\2, k'(A) = A, and hence A\, = a,

which implies I(a) = $a?® so that for a > 0

log Pr{S,, > an} ~ —gCLQ.

2. PoIssoN DISTRIBUTION: Consider the Poisson distribution with mean 6. Then easy
calculations show

M(\) = exp (0(e>‘ — 1)) ,

and \, = log(a/0) so that
I(a) = a(log(a/6) — 1) + 6.

Theorem 5.19 implies for a > 6
a —na
Pr{S, > an} = (§> e~ M0—a)to(n)

3. PERVERTED EXPONENTIAL DISTRIBUTION: Define the density f as follows: it is zero for
x < 1and for x > 1 we set f(z) = Cx 3¢~ with C chosen so that f is a probability density
(cf. [117]). Observe that M (\) can exist only for A <1 and

K'(A\) <K'(1)=2.

Thus Apax = 1, M (Amax) = C/2, and £/'()\) = a does not have a solution for a > 2. In other
words, as A — Apax we only have x'(\) — 2 = z1. By Theorem 5.20 for a > 2 we have

n~ogPr{S, > an} — — ((a —log(C/2))

as n — 00. a

A major strengthening of the large deviation theorem is due to Gértner [165] and Ellis
[111], who extended it to weakly dependent random variables. Let us consider S, as a
sequence of random variables (e.g., S, = X1 + ... + X,,), and let M,(\) = E[e*"]. The
following is quite useful. Its proof can be found in Dembo and Zeitouni [90].
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Theorem 5.21 (Gértner, 1977; Ellis, 1984) For dependent random variable X1,..., X,,
let for real A
log M, (A
lim 2B _ )
n—00 n
exist and it is finite in a subinterval of the real axis. If there exists N, such that ' (\g) is
finite and ¢ (\,) = a, then

.1
Jim - log Pr{S,, > na} = —(aX, — c(\a)) -
We return to large deviations of weakly dependent random variables in Chapter 8 where we
analyze the quasi-power case, for which M, (s) ~ a(s)c"(s) where a(s) and c(s) are functions
of complex s.

5.5 Applications

This is a long chapter and we need a few good applications of the subadditive ergodic theorem,
Azuma’s inequality, martingales, Chernoff’s bound, and large deviations to illustrate these
important techniques. We hope this section presents some interesting problems. We shall
continue using these techniques throughout the book.

Hereafter, we discuss three applications. First, we deal with the edit distance problem
already described in Section 1.5 (cf. [296]). Then, we turn our attention to the Knuth-Morris-
Pratt pattern matching algorithm and prove that its complexity grows linearly with the size
of the text (cf. [357]). For this application, unlike other examples discussed so far, the hardest
part is to establish the subadditive property. Finally, we investigate an interesting problem
on a random sequence that arose in the analysis of hashing with lazy deletions (cf. [6]).

5.5.1 Edit Distance

We consider the edit distance problem presented in Section 1.5 and in Example 1 of this
chapter. We want to estimate the minimum cost Ciy;, or the maximum cost Ciayx of trans-
forming Y; of length £ into X3 of length 5. As mentioned before, this problem can be reduced
to finding the longest (shortest) path in a special grid graph (see Figure 1.8). Let us assume
that Yf and Xi are generated by a memoryless source and the weights of insertion Wy, dele-
tion Wp and substitution Wy are independent random variables. We further postulate that
{ = (s for some § > 0; the reader may assume for simplicity that £ = s; however, we express
our results in terms of n = ¢ + s. We start with the following result
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where « > 0 is a constant. Indeed, let us consider the ¢ x s grid of Figure 1.8 with the starting
point O and the ending point E. Call it Grid(O,E). We also choose an arbitrary point, say A,
inside the grid so that we can consider two grids, Grid(O,A) and Grid(A,E). Actually, point A
splits the edit distance problem into two subproblems with objective functions Ciax (O, A) and
Cmax(A4, E). Clearly, Cipax(O, E) > Chax(O, A) + Chax(A, E). Thus under our assumption
regarding the weights, the objective function Cpax is superadditive, and a direct application
of Theorem 5.8 proves the result.

As expected, the above calculation does not indicate how to compute «. From Example 1,
we know that even in the simplest case of the longest common superstring problem, the
constant « is unknown. But we can prove that Ci,.x is concentrated around an.

Theorem 5.22 (Louchard and Szpankowski, 1995) (i) If all weights are bounded ran-
dom vartables such that max{Wr, Wp, Wg} < 1, then for arbitrary € > 0 and large n

1
Pr{|Cmax — E[Cmax]| > enal} < 26Xp(—§€2a2n). (5.43)

(i) If the weights are unbounded but such that Wnax = max{W, Wp,Wq} satisfies the
following:
nPr{Whpax > n1/2_5} <U(n) (5.44)

for some § > 0 and a function U(n) — 0 as n — oo, then
Pr{|Cinax — E[Ciax]| > ena]} < 2exp(—pn’) + U(n) (5.45)
for any € > 0 and some 3 > 0.

Proof: Part (i) is a direct consequence of Azuma’s inequality (cf. Theorem 5.15). We first
define Z} = Y{ - X} as a concatenation of Y{ and X§ of length n = £+ s. Observe that
Z1,...,Zy, are independently distributed. Moreover,

Coax(Z1s -y Zis ooy Zn) — Conaxd(Z1s - s Ziy oo Z)| < max {Winax (i)} < 1, (5.46)

T 1<i<n

where Wiax(7) is the ith independent version of Wi« defined in the theorem. An application
of Corollary 5.16 proves (5.43).
To prove part (ii), we proceed as follows for some c:

Pr{‘cmax - E[Cmax” > t} = Pr{‘cmax - E[Cmax” >t, max {Wmax(z)} < C}

1<i<n

+ Pr{|Chax — E[Chax]| > t, max {Wpax(i)} > ¢}

1<i<n

IN

1
2exp(—§t2/n62) + nPr{Wpax > ¢} .
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Set now t = ena and ¢ = O(n'/?79), then
Pr{|Cmax — E[Cnax]| > ena} < 2exp(—ﬁn5) + nPr{Wnax > nl/Q*‘S} ,

for some constant 5 > 0. This implies (5.45) provided (5.44) holds. [

In passing, we add that the probabilistic analysis of the edit problem was initiated by
Chvatal and Sankoff [67], who analyzed the longest common subsequence problem. After an
initial success in obtaining some probabilistic results for this problem and its extensions by a
rather straightforward application of the subadditive ergodic theorem, a deadlock was reached
due to a strong statistical dependency. There is not much literature on the probabilistic
analysis of the string edit problem and its variations (cf. [80]) with the notable recent
exception of Arratia and Waterman [23], who proved their own conjecture concerning the
phase transition in a sequence matching. The interested reader is advised to study this
excellent paper.

5.5.2 Knuth-Morris-Pratt Pattern Matching Algorithms

Here, we shall analyze the number of comparisons C), performed by a Knuth-Morris-Pratt
like algorithm (described in detail in Section 1.3) when it searches for occurrences of a given
pattern H of length m in a random text T of size n. In the derivation we shall use the
subadditive ergodic Theorem 5.8. Unlike all other examples in this section, the main difficulty
here lies in establishing the subadditivity property for C,,. We follow here the presentation
of Régnier and Szpankowski [357], but we also discuss some new results.

We recall that Knuth-Morris-Pratt (KMP) algorithms scan the text from left to right.
The main idea can be described as follows: Let (when searching for pattern occurrences) the
algorithm find a mismatch at, say, position [ of the text and position k of the pattern. Then
the next comparison is made at position [ of the text and position ¢ of the pattern such that
i is the largest integer satisfying

Hy™' = Hyj,
that is, the largest suffix of the already searched pattern that is a prefix of the pattern.
The pattern is shifted by k& — ¢ positions to be aligned at [ — i + 1 position of the text (cf.
Section 1.3). We shall write M (I, k) = 1 if the the algorithm makes a comparison at position
[ of the text with position k of the pattern; otherwise M (I, k) = 0.
Our goal is to prove the following result.

Theorem 5.23 (Régnier and Szpankowski, 1995) Consider the Knuth-Morris-Pratt al-
gorithm for pattern matching. Let H be a given pattern of length m.
(i) If the text T]" is given, then

lim 2T o, (5.47)

n—00 n
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where aq(H) > 1 is a constant.

(i) If the text is generated by a stationary and ergodic source, then

nhjr()l()% = w(H) as.
lim BlC,] = w(H),

n—oo n
where ag(H) > 1 is a constant.

We prove this theorem by showing that C), is subadditive. For this, we denote by C, ,,
the number of comparisons performed on 7" (r < m). Actually, we prove a stronger result,

namely, that the subadditivity holds for the ¢-convergent pattern matching algorithms that
are defined below together with some other useful notations.

Definition 5.24 (i) Given a string searching algorithm, a text T and a pattern H, a position
AP in the text T satisfying for some k (1 <k <m)

M[AP + (k—1),k] =1
is said to be an alignment position (i.e., the first position of the pattern is aligned with

position AP of the text).

(ii) For a given pattern H, a position i in the text T]" is an unavoidable alignment position
or an algorithm if for any r,l such that r < ¢ and [ > i 4+ m, the position i is an alignmen

lgorithm i yrl hthatr <iandl > i th ition i i lig t
position when the algorithm is run on T_.

(iii) An algorithm is said to be (~-convergent if, for any text T' and pattern H, there exists
an increasing sequence {U;}, of unavoidable alignment positions satisfying U;y1 — U; < £
where Uy = 0 and n — max; U; < /.

Our main effort will concentrate on proving the following lemma.

Lemma 5.25 An {-convergent pattern matching algorithm satisfies the following inequality
for all v such that 1 <r <mn:

1C1n — (Crp + Cri)| <m? +tm | (5.48)
provided any comparison is done only once.

Proof. Let U, be the smallest unavoidable position greater than r. We evaluate in turn
Cin—(C1p+Cy,p) and C., — Cy, p, (cf. Figure 5.1) . We start our analysis by considering
Cin — (C1r + Cy, n). This part involves the following contributions:
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e Those comparisons that are performed after position r but with alignment positions
before . We call this contribution S;. Observe that those comparisons contribute to
C1,, but not to C1,. To avoid counting the last character r twice, we must subtract
one comparison. Thus

Si= > > M(i,i— AP +1)—1.

AP<ri>r

e The next contribution, called Sy, accounts for alignments AP satisfying r < AP < U,
that only contribute to C ,, that is,

Ur—1

Sy= > > M(AP + (i—1),i) .

AP=ri<m

e Finally, since the alignment positions after U, on the text T7; and T7* are the same, the
only difference in contribution may come from the amount of information saved from
previous comparisons done on 77 . This is clearly bound by

|Clv" - (Clﬂ“ + CUT,n + Sl + SQ)| <m.

Now, we evaluate C,, — Cy, n (see second part of Figure 5.1). We assume that the
algorithm runs on 7" and let AP be any alignment position satisfying r < AP < U,. The
following contributions must be considered:

e The contribution Ss3
Ur—1

Sg= > > M(AP + (i —1),i)
AP=r 1
counts for the number of comparisons associated positions r < AP < U,. This sum
is the same as Sy but the associated alignment positions and searched text positions
AP + k — 1 may be different.

e Additional contribution may come from the alignment at position U,. But no more
than m comparisons can be saved from previous comparisons, hence

’CT,n - CUr,n - S?)’ <m.

To complete the proof, it remains to find upper bounds on Sy, Sa, and Ss. For £ > U, —r
we easily see that Sy and S3 are smaller than ¢fm. So are their differences. With respect to
Sy, for a given alignment position AP, we have |i — AP| < m; hence |[r — AP| < m, and
for any AP the index i has at most m different values. Thus S; < m?, and this proves the
lemma. |
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Figure 5.1: Hlustration to the proof of Lemma 5.25

To prove Theorem 5.23, it is enough to show that the KMP algorithm is an ¢ = m-
convergent algorithm. Before we establish this fact, we prove an interesting property of
KMP-like algorithms.

Lemma 5.26 Given a pattern H and o text T, KMP-like algorithms have the same set of
unavoidable alignment positions U = Jj—1{U;}, where

U, = min{ min {7} = HI7*1}, 141}
¢ =min{ min {7, = Hy "7, [+ 1}
Proof. Let [ be a text position such that 1 <[ < n, and r be any text position satisfying

r < U;. Let {A;} be the set of alignment positions defined by a KMP-like algorithm that
runs on 7. As it contains r, we may define (see Figure 5.2).

Ay =max{A;: A; <U;}

Hence, we have Ajyy1 > U;. Using an adversary argument, we shall prove that Aj.; > U
cannot be true, thus showing that A;11 = Uj. Let y = max{k : M(A;+(k—1),k) = 1}, that
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text X % va X | |
r AJ U| y | n

[ I 2

patterns

Figure 5.2: Illustration to the proof of Lemma 5.26.

is, y the rightmost position where we can do a comparison starting from A ;. We observe that
we have y <. Otherwise, according to the KMP algorithm rule, T4, would be a prefix of H,
which contradicts the definition of U;. Also, since KMP-like algorithms are sequential (i.e.,
the text-pattern comparisons define nondecreasing sequences), then Ay < y+1 <[+ 1.
Hence U; = [ + 1 contradicts the assumption Aj11 > U; and we may assume U; < [. In
that case, H (lJz is a prefix of H, and an occurrence of H at position U; is consistent with the
available information. Let the adversary assume that H does occur. Since a sequence {4;}
is nondecreasing and Ay is greater than Uj, this occurrence will not be detected by the
algorithm. This leads to the desired contradiction. Thus Ay = U, as needed. ]

To complete the proof of Theorem 5.23, it is necessary to show that KMP is m-convergent.
But this is easy. Let AP be an alignment position and define [ = AP +m. As |H| = m, one
has | — (m — 1) < U; <1+ 1. Hence, Uy — AP < m which establishes the m-convergence of
the KMP algorithm, and the main Theorem 5.23.

As in other applications, since we obtained the result through the subadditive ergodic
theorem, the constants «; and ag are unknown. In [72] some bounds for «; were found.
But even if we cannot find the value of ay, we still are able to show that C),, is concentrated
around asn. As expected, we shall use the Azuma inequality. Let us now assume that T
is generated by a memoryless source. It suffices to observe that C),, as a function of random
text T'=11,...,T,, satisfies

|CW(Ty, ...\ Ty ...\ Ty) — Cu(Ty, ... Ty ... T)| < 2m?

where T} is an independent copy of the ¢th symbol 7; of the text. In view of this and
Theorem 5.15 we prove the following.

Theorem 5.27 Let T be generated by a memoryless source while the pattern H of length
m is given. The number of comparisons Cy, made by the Knuth-Morris-Pratt algorithm is
concentrated around its mean E[Cy] = aan(1 + o(1)). More precisely,

2

202 n
Pr{|Cn — E[C},]| > enan} < 2exp <— 2 2 m)

for any € > 0.
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5.5.3 Large Deviations of a Random Sequence

We consider here a large deviations result proved in Aldous, Hofri, and Szpankowski [6], who
studied hashing with lazy deletion. We reformulate the problem as a coding problem.

Let {Y;}22, be a sequence of independent random variables with uniform distribution over
A={1,...,V}. Letalso f:{1,2,3,...} — {1,2,3,...} bea 1—1 function such that f(i) > ¢
for all ¢ > 1. Our goal is to estimate the probability that

Yy is different than all of  Y7,...,Y;.

Let A; be the event that the above holds, and let B = Y72, I(A;). We want to estimate
Pr{B > b} for large b.
A direct application of Chernoff’s bound leads to

b, B
Pr{B > b} < min {z E[z ]},

where we set z = ¢ in Theorem 5.18. The problem is that we do not know how to assess the
generating function of B since I(A;) are dependent. To overcome this difficulty, we adopt
a different approach based on martingales. Let the events A; be adapted to the increasing
o-fields F; (i.e., F; contains all the information about Aj,...,A;). We first prove that for
some w > 1

w}:iﬂfb%0

M, =
[Tis: Elw! (40| F; 4]

1=

is a positive martingale. Indeed,

E[wZZ;l I(Ai)wI(An-&-l) ‘fn]

E[Mn+1|fn] H?:l E[wI(Ai)‘E_I]E[wI(AnJrl)‘fn]
wie1 (A9 E[w!(Ant0)| F,]
T I E@)[F_)] EwlAen)|F,]

= M,.

Observe that the above martingale is the “multiplicative” analogue of the additive martingale
we have been working so far. But by the martingale convergence theorem (Theorem 5.12)
M, converges almost surely and in mean to the random variable

My = —
o0 Dw’

where
Dy = [T E[w™A)|F_y] = [11 + (w—1)Pr{A;|Fi-1}).
i>1 i>1
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In addition, we know that E[M] < E[Mj] = 1, hence
E[w?/D,] < 1. (5.49)

Now we proceed as follows. Instead of using Chernoff’s bound directly, we write for some
a>0

Pr{B > b} Pr{D, > a} +Pr{B >b, D, < a}
E[D,,/a] + Pr{w® /D, > w’/a}

E[D,/a] + a/w®

21/ w=PE[D,], a = \/wPE[D,)],

where the second inequality follows from Markov’s inequality, and the third one is a conse-
quence of (5.49). Since w > 1 is arbitrary, we finally arrive at

ININ A

Pr{B > b} <2, /inf wB[Dy]. (5.50)

We now evaluate the required infimum in (5.50). First of all, observe that
Pr{A;|Fi—1} = Li/V,

where L; is the number of values not taken by Yi,...,Y;. Thus, for w > 1 the quantity D,, is

D, = H (I14+(w—1)L;/V) <exp (U)T_l ZLZ> . (5.51)

i>1 i>1
But
v
Y L= kWi, (5.52)
i>1 k=1
where Wy, is the waiting time for the process L; to go from k to k — 1 (e.g., Lo = V,

Ly =V —1). A little thought reveals that the random variables W}, are independent with
(different) geometric distributions

EN k
Pr{W, =0 =(1— — — ?>1.

(This is just the elementary argument for the classical coupon collector’s problem with equally
likely coupons.) Hence, the associated generating function E[z"V*] may be written as
zk/V 1

B = ) T T ViR ) (5:53)




132  Subadditive Ergodic Theorem and Large Deviations

for |z| < V/(V — k). Combining (5.51)—(5.53) gives

ED,] = E -H (1 + wT_lL>]

AN

=

@

>

kol
—

S
<| I

[—
=
N~ —

v _ w—1 14 -
= H E |exp (—ka)] = H (1 _ (1 e—k(w—l)/v)>

k=1 k=1 k

\%

< JIa-(w-1)t=2-w)™,

where the last inequality follows from 1 —y~ (1 — e~ %) > 1 — qa for a,y > 0. By (5.50) we
obtain

>b} < i (2 —w)~V.
Pr{B_b}_Q\/léngw (2 — w)

Elementary calculus gives the exact infimum at w = 2b/(b+ V). Since throughout the proof
we require w > 1, our result holds only for b > V.
In summary, we prove the following lemma.

Lemma 5.28 Let f : {1,2,3,...} — {1,2,3,...} be a 1 — 1 function with f(i) > i. Let
(Yi;i > 1) be independent, uniform on {1,...,V}. Define A; to be the event

Yii) s different than all of  Yi,.... Y.
Let B be the counting random variable B = 37,51 I(A;). Then

VAb\"2 (Vv +0\"/?
>h <2 —— -
Pr{B_b}_Q( 2b) <2v)

forb>V.

5.6 Extensions and Exercises
5.1 Prove the following generalization of the De Bruijn and Erdés result:
Theorem 5.29 Let x,, and c, be two sequences of real numbers such that

Tmgn < T+ Tp +Cp

for all myn > 1. Then lim,, . x,/n exists provided lim, .~ ¢, /n = 0, however, the
limit may be greater than inf z,,/m.
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5.2 Prove or disprove the following generalization of the Pdlya and Szegd result:

Theorem 5.30 If a real sequence x,, satisfies
T+ Tp —bn+m) < xpym < T+ 2 +b(n+m)

for allm,n > 1, where b(n) is a positive sequence, then there is a finite constant w such
that

— 0,

X
_”_w}g&
n n

provided that for every m > 1

B = b(2Fm)27" < 0
k>1

and By, = o(m).

5.3 Prove the De Bruijn and Erdés Theorem 5.7. Extend all other subadditive theorems so
that the subadditivity property holds only in the range %n <m < 2n.

5.4 Prove Hoeffding’s inequality in Theorem 5.13 using only (5.17) (cf. [402]).

5.5 Prove a refined Theorem 5.13 in which (5.19) is replaced by the optimal

Pr{|Y —Yo| > 2} = Pf{|zDz’| > x} < 2exp <—+2> .

i=1 i=1C

5.6 Doob-Levy’s Martingale. Let Y have a finite second moment, and let Xi,..., X, be a
sequence of variables. Prove that Y,, = E[Y|X,..., X,,] is a martingale with respect
to Xla---an-

5.7 Construct a counterexample to the following statement:
E[E[Y|FA]|F] = E[E[Y|F]|F].
Observe that we drop the condition F; C F» from Lemma 5.14.

5.8 A Knapsack Problem. The objective of the knapsack problem is to pack a knapsack
of a finite capacity with objects of maximum wealth. More precisely, let Vi,...,V,
and Wy, ..., W, be independent nonnegative random variables with finite means and
W; < M for all i and some fixed M. Assume that the knapsack has finite capacity C
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and your goal is to pack as many objects as you can in a way that maximizes the wealth

of the packed objects. In other words, we search for a zero—one vector (21, 22,...,2p)
such that

n

i=1
and

n
D nax = max{z ziWi}
i=1

is maximized. Prove that

CC2
Pr{|ZmaX - E[Zmax” > CU} < 2€Xp <_W

for x > 0.

5.9 A Prove the following generalization of the Efron-Stein inequality due to Steele [401]:

Let S(z1,...,x,) be any function of n variables, and X; X; for 1 <i < n be 2n iid.
random variables. Define S; = S(X1,...,X;-1, X4, Xit1,...,Xy). Then

Var[S(X1, ..., X,)] < %E lZ(S(Xl, LX) - Si)ﬂ .

5.10 Prove that the following are equivalent: (i) I(a) = oo, (ii) Pr{X; > a} = 0, and (iii)
Pr{S, > na} = 0 for all n.

5.11 Prove the following large deviations result due to Bernstein: Let Xi,..., X, be i.i.d.
with mean p and variance o2, and suppose that |X; — E[X;]] < M < co. Then for all
x>0

2 2M
20 —1-3\/%

2
Pr{Sn > nM‘f‘fL’\/ﬁ} < exp (_xi) )

where, as usual, S, = X1+ -+ + X,.

5.12 Prove that the cumulant function x()\) = log E[e*X], if it exists, is a convex function.

Hint: Use the Holder inequality.

5.13 Prove that the Fenchel-Legendre transform I(a) attains its minimum at a = E[X] = pu
and I(p) = 0.

5.14 Prove Theorem 5.20.
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5.15 (Feller, 1971) Let F,,(z) = Pr{S, <z}, where S,, = X; +--- X,, and X1,... X, are i.i.d.
Prove the following large deviations result for z = o(y/n)

1— Fy(x) x pz °

- (1+0( = Bl

1—®(x) ( + (\/ﬁ>)exp <6J3\/ﬁ ’
where ®(z) is the standard normal distribution function.

5.16 A (Biggins, 1976) Consider the age-dependent branching process from Example 3. Let
t; be the life-time for the ith individual, and let T}, = t; +--- +t,,. We recall that each
individual generates k offspring with probability p; when dying. Let pu = > .~okpk.
From large deviations theory, we know that for a < E[t;] N

1
lim —log Pr{T,, < an} = —1I(a),
n—oo n

where I(a) = a), — log E[e*"1] and ), is a solution of aE[e*!] = LE[e*]. In Exam-
ple 3 we prove that the first birth of the nth generation, B,, grows linearly with the
constant «. Show that « can be computed as follows:

a=inf{a: logu — I(a) > 0}.

Hint. Follow Biggins’ footsteps from [46] by first considering a new random variable

Zpn(an) that denotes the number of individuals in generation n born by time an. Show:
(i) ElZa(an)] = p"PH{T, < an}:

(ii) Pr{Z,(an) > 0} > 0 if E[Z,(an)] > 1, hence B,, < an and «a < a.

5.17 A (Szpankowski, 1995) Consider the general combinatorial optimization problem
described in Section 1.6. To recall, we define Zy,.x and Z,i, as

Zmax(sn) = gé%}i { Z wz(a)} ) Zmin(Sn) = OIEIK% { Z U)Z(Oé)} )

i€Sn () 1€Sn ()

where B, is a set of all feasible solutions, S,,(«) is a set of objects from S, belonging
to the ath feasible solution, and w;(«) is the weight assigned to the ith object in the
ath feasible solution. Let us adopt the following assumptions:

(A) The cardinality |B,| of B, is fixed and equal to m. The cardinality |S, ()| of
the set S,(a) does not depend on o € B,, and for all « it is equal to N, i.e.,
S ()] = N.
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(B) For all @ € B,, and i € S, () the weights w;(«) are identically and independently
distributed (i.i.d.) random variables with common distribution function F'(-), and
the mean value i, the variance 02, and the third moment p3 are finite.

Prove the following result: Under assumptions (A) and (B), as N,m — oo with n — oo
Zmin = N — o(N) (pr.) Zmax = N+ o(N),

provided logm = o(N).



Chapter 6

Elements of Information Theory

Summary: Entropy and mutual information were introduced by Shannon in 1948, and
this began a remarkable development of information theory. Over the last 50 years informa-
tion theory underwent many changes and found new applications. The Shannon-McMillan-
Breiman theorem and random coding technique nowadays are standard tools of the analysis
of algorithms. In this chapter, we discuss elements of information theory and illustrate its
applications to the analysis of algorithms. In particular, we prove three main results of Shan-
non, those of source coding, channel coding, and rate distortion. In the applications section,
we discuss a variety of data compression schemes based on exact and approximate pattern
matching.

NTROPY of a single random variable X with probability mass P(a) = Pr{X = a} is
defined as

h(X) = - Y P(a)log P(a),

where by convention Olog0 = 0. We intentai%éally left the base of the logarithm unspecified.
In this chapter it is convenient to use the logarithm to base 2. If the base of the logarithm is
2, we measure the entropy in bits; with the natural logarithm we measure the entropy in nats.
As we shall see, the entropy represents average uncertainty of X, and in fact it is the number
of bits that on the average one requires to describe the random variable (see Exercise 1). For
example, one needs 5 bits to identify a value of a random variable distributed uniformly over
32 outcomes, and the entropy of X is h(X) = 5 bits.

The real virtue of entropy is best manifested when investigating entropy rates of stochastic
processes. The Asymptotic Equipartition Property (AEP) that follows from the most
celebrated result of information theory, that of the Shannon-McMillan-Breiman theorem,
is the key result.

Let us start with a simple observation: Consider an i.i.d. binary sequence of symbols of

137
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length n, say (Xi,...,X,), with p being the probability of one symbol and ¢ = 1 — p the
probability of the other symbol. When p = ¢ = 1/2, then Pr{Xy,..., X,,} = 27" and it does
not matter what are the actual values of Xi,...,X,,. In general, Pr{Xy,..., X, } is not the
same for all possible values of X7,...,X,,, however, we shall see that all typical sequences
(X1,...,X,) have “asymptotically” the same probability. Consider p # ¢ in the example
above. In a typical binary sequence of length n there are approximately np+ O(y/n) symbols
of one kind and ng + O(y/n) symbols of the second kind. We expect that the probability of
such a sequence is well approximated by

pnp+0(\/ﬁ)qnq+0(«/ﬁ) — 9—n(—plogp—qlogq)+0(Vn) 2—nh7

where h = —plogp — qlog q is the entropy of the underlying Bernoulli random variable. We
conclude that typical sequences have approximately the same probability equal to 27", We
make this statement rigorous in this chapter.

Information theory was born in October 1948 when Shannon published his classic paper
“A Mathematical Theory of Communication.” He established three main results of informa-
tion theory: source coding, channel coding, and rate distortion. In source coding one wants
to find the shortest description of a message. It turns out that you cannot beat a certain
limit, which is equal to the entropy times the length of the original message. In channel
coding, the goal is the opposite to source coding, namely, we want to reliably send as much
information as possible. Finally, there are sources of information that cannot be described
by a finite number of bits (e.g., an arbitrary real number, a continuous function, etc.). In
such cases, we can only approximately describe the source of information. How well we can
do? To answer this question we enter the realm of rate distortion theory. We touch in this
chapter some of these problems. The reader is referred to the excellent books of Cover and
Thomas [75] and Csiszar and Kérner [78] for further information. In fact, a large part of this
chapter is based on [75].

In the analysis of algorithms, which is the main topic of this book, entropy appears
quite often in disparate problems as we shall see in the applications section of this chapter.
Actually, in the analysis of algorithms the Rényi’s entropy occurs almost as frequently as the
Shannon entropy. We study some properties of Rényi’s entropy and illustrate its applications
for problems on strings. In particular, we study the phrase length in the Lempel-Ziv scheme
and its lossy extension, the shortest common superstring problem, and the bit rate of a lossy
extension of the fixed database Lempel-Ziv scheme.

6.1 Entropy, Relative Entropy, and Mutual Information

In this section we present basic definitions of entropy, relative entropy, Rényi’s entropy, and
mutual information for single random variables. We shall follow the presentation of Cover
and Thomas [75].

Let us consider a random variable X defined over a finite alphabet A. We write P(X)
for a random function of X such that P(a) = Pr{X = a} for every a € A. the Shannon
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entropy is defined as

hMX)=—E[log P(X)] = —>_ P(a)log P(a (6.1)
acA

where throughout this chapter we assume that the logarithm base is 2 and 0log0 = 0.
We sometimes write h(P) or simply h for the entropy. In some situations, we specifically
show that the average in (6.1) is taken over the measure P, that is, we write h(X) =
Ep[—log P(X)].

As mentioned in the introduction, the entropy is a measure of uncertainty of X. It is also
the minimum average number of bits required to describe X, as illustrated in the following
example.

Example 6.1: Entropy and Random Variable Representation
Let X be a random variable taking eight values with the corresponding probabilities

111 1 1 1 1
(5717§7E’M7@7@’@) The entropy of X is

h(X) = 2 bits.
Suppose we want to relay to another person the outcome of X. We can use 3 bits to encode
8 messages; however, we can do much better by encoding more likely outcomes with shorter
codes and less likely with longer. For example, if we assign the following codes to eight
messages: 0, 10, 110, 1110, 111100, 111101, 111110, 111111, then we need on the average

only 2 bits. Notice that the description length in this case is equal to the entropy. In
Exercise 1 the reader is asked to extend it to general discrete random variables. O

The entropy h(X) leads to several new definitions that we discuss in the sequel.
Definition 6.1 (i) Joint Entropy h(X,Y) is defined as

MX,Y)=-E[log P(X.Y) ==Y > P(a,d)log P(a,d). (6.2)
acAa’ €A

(ii) Conditional Entropy h(Y|X) is

MY |X) = -Epxy)llog P(Y|X)] = > P(a)h(Y| X =a)=—>_ > P(a,a’)log P(d|a).
acA acAa’eA
(6.3)

(iii) Relative Entropy or Kullback Leibler Distance between two distributions P and
Q defined on the same probability space is

D(P | Q) = B flog 15| = X2 Playios 5, (6.4

acA

where by convention 0log0/Q = 0 and Plog P/0 = oo
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(iv) Mutual Information of X and Y is the relative entropy between the joint distribution
of X andY and the product distribution P(X)P(Y), that is,

P(X,Y) P(a,d
I(X;Y)=E [log 7] P(a,d’)log ———~ (6.5)
M) =Bron [ pogp) = 2 2, 70O B Py
(v) Rényi’s Entropy of order b (—oo < b < o0) is defined as
log E[P*(X 1
o) = — BB Ly 5 iy, (6.6)
b b acA
provided b # 0, where
h—s = min{P(i)}, 6.7
min{P (i)} (6.7)
heo = P(i .
max(P(i)) (6.

by Hilbert’s inequalities on means (2.13) and (2.14). Observe that h(X) = limy_,g hp(X).

Before we justify these definitions and provide an interpretation, let us explore some
mathematical relationships between them. These properties are easy to prove by elementary
algebra, and the reader is asked in Exercise 3 to verify them (see Exercise 4 for more properties
of the entropy).

Theorem 6.2 The following holds:

WX,Y) = h(X)+h(Y|X), (6.9)

X1, Xo, ..., Xp) = zn:h(Xi]Xi_l,...,Xl), (6.10)
=1

I(X;Y) = h(X)—hX|Y)=hY)-hY|X), (6.11)

I(X;X) = h(X). (6.12)

It is intuitively clear that the conditional entropy h(X|Y') should not be bigger than the
entropy h(X) since when Y is correlated with X we learn something about X knowing Y/;
hence its uncertainty decreases. We prove this fact and some others below.

Theorem 6.3 The following inequalities hold

D(P H Q) > 0, (6.13)
I(X;Y) = 0, (6.14)

(X) > h(X]Y), (6.15)

MXy,..., X,) < zn:h(Xi), (6.16)

i=1



141 Elements of Information Theory

with equality in (6.13) if and only if P(a) = Q(a) for all a € A, equality in (6.14) and (6.15)
if and only if X andY are independent, and equality in (6.16) if and only if X4,..., X, are
independent.

Proof. Since logx < x — 1 with equality if and only if = 1, we obtain

-D(PI|Q) = Ep g

< 2 Q)= Pla)=1-1=0,
acA acA
which proves (6.13). Then (6.14) follows from I(X;Y) = D(P(X,Y) || P(X)P(Y)), and
(6.15) is a consequence of the above and (6.11). Finally, (6.16) follows from (6.10) and
(6.15). n

6.2 Entropy Rate and Rényi’s Entropy Rates

We first precisely define typical sequences and then prove the Shannon-McMillan-Breiman
theorem for memoryless, mixing, and stationary and ergodic sources. In the second part
of this section, we introduce Rényi’s entropy rates that are widely used in the analysis of
algorithms.

6.2.1 The Shannon-McMillan-Breiman Theorem

Let {X1}32, be a one-sided stationary sequence, and let P(XT) be a random variable equal
to Pr{X{" = (z1,...,2z,)} whenever X7" = (z1,...,2,) € A". We can define the entropy rate
of XT' in two different ways, namely:

E|log P(XT h(X1,..., X5
o= — lim BRsPOD] o, A Xa) (6.17)
n—oo n n—oo n
h/ = nli_{%oh(XTJXTL*17XTL727"'7X1)7 (618)

provided the limits above exist. We shall prove that for stationary processes the limits exist
and are equal.

First of all, observe that the conditional entropy h(X,| X,—1,Xn—2,...,X1) is nonin-
creasing with n and hence has a limit. Indeed, by (6.15) and stationarity

h(Xn-l—l‘ XTLaXn—la“'aXl) < h(Xn—l—l‘ XTMXn—l"“vXQ)

= h(Xn‘ Xn—bXn—Qa R 7X1)'

Now, we are in a position to prove the following statement.
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Theorem 6.4 For a stationary process, the limits in (6.17) and (6.18) exist and are equal,
that is,
h="h.

Proof. By the chain rule (6.10),

n

1
==Y WX Xi1,..., X1).
ni:l

hMX1,...,X5)
n

But, we just proved that the conditional entropies h(X;| X;—1,...,X1) tend to a limit h’;
hence by the Cesdro mean theorem, the right-hand side converges to h'. We must then
conclude that the limit of the left-hand side exists, and is equal to h = h/. |

Example 6.2: Entropy Rates for Memoryless and Markovian Sources

Let us first consider a memoryless source. Then P(X7) = P"(X;) and we have h(X]) =
nE[—log P(X1)] = nh(Xy).

For a Markovian source, we appeal to the definition (6.18). Let us consider a stationary
Markov source of order one. Then

Thus, by definition (6.3), we have

h = h(XQ’ Xl) = — Z ﬂipij logpij, (6.19)

1,jEA
where 7; is the stationary distribution and P = {p;;}; jea the transition matrix of the sta-
tionary Markov chain. O

We are now well prepared to derive the most important theorem of this chapter, namely
the Shannon-McMillan-Breiman theorem, which roughly says that the the average operator
E[-] can be taken away from the definition of the entropy (6.17) provided the deterministic
limit is replaced by almost sure convergence of the random variable log P(X7"). The main
consequence of this theorem is the Asymptotic Equipartition Property discussed in the next
section.

Let us put some rigor into the above rough description. We first show how to derive the
Shannon-McMillan-Breiman theorem for memoryless sources and then for mixing sources.
Finally, we shall formulate the theorem in its full generality and prove it for stationary
ergodic sources using the “sandwich” approach of Algoet and Cover [8]. Consider first a
memoryless source. Then

_log P(XT)

1 n
= ——) log P(X;)
n nis

L EBl-logP(X))] =k (as),



143 Elements of Information Theory

where the last implication follows from the strong law of large numbers applied to the sequence
(—log P(X1),...,—log P(X,)). One should notice a difference between the definition of the
entropy (6.17) and the above result. In (6.17) we take the average of log P(X]") while in
the above we proved that almost surely the probability P(X7') can be well approximated by
27" We are aiming now at showing that the above conclusion is true for much more general
sources.

As the next step, let us consider mixing sources that include as a special case Markovian
sources (see Chapter 2). In fact, we consider a weak mixing since we only assume that there
exists a constant ¢ such that

P(X{T™) < eP(XT)P(X3H")

for integers n,m > 0. Taking logarithm we obtain
log P(X77™) <log P(XT) + log P(X)IT) + log c.
Thus log P(X{") + log ¢ is subadditive, hence by Theorem 5.8 we prove that

n
h=— lim log P(XT)

n—00 n

(a.s.) .

Again, the reader should notice the difference between this result and the definition of the
entropy.

We are finally ready to state the Shannon-McMillan-Breiman theorem in its full generality.
We prove it using a Markov approximation discussed in Lemma 4.2 (see also Theorem 6.33
in Exercise 11 below).

Theorem 6.5 (Shannon-McMillan-Breiman) For a stationary and ergodic sequence { Xy }r>1
the following holds
n
h— — lim 198 PET)

n—00 n

(a.s.),

where h is the entropy rate of the process { Xk }i>1.

Proof. We present here the Algoet and Cover sandwich proof. The main idea is to use
the kth order Markov approximation of a stationary distribution. Let P be the stationary
distribution, and
n
PEXT) = P(XT) [T P(XilX(24)
i=k+1
be its kth order Markov approximation. Using (4.6) of Lemma 4.2, we obtain
1

li L) Ly L) ¥
1m sup — 10g ———< msup — 10g ————< =
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for any k& > 1. In the above, h* is the entropy of the kth order Markov chain, which we know
to exist (cf. Example 2).
Now, we consider a lower bound by using (4.7) of Lemma 4.2, that is,

1 1 1
lim inf — log lim — log = h°,

> -
n=oo n C P(XT) Tnmeen P P(XTIXD,)

where h* exists by the ergodic theorem since log P(X7|X?_ ), as a function of an ergodic
process { X;}52_ . is an ergodic process (i.e., Y, = f(X" ) is ergodic if {X;}3°_  is ergodic).
Putting everything together, we have

k

1 1
0o f e o - 3 _
he < hnrri)lnfnlog X7 < llqr}iso%pnlog X7 <h

We shall now prove that h* | A% completing the proof since by Theorem 6.4 h = h™.
By the Doob-Levy martingale construction (see Exercise 5.6 in Chapter 5), we know that
P(xO\X:,i) is a martingale. Therefore, by the martingale convergence Theorem 5.12

P(z1|X%)40) = Pa1|X2)  (as)

for all z; € A. Since the alphabet A is finite, x log x is bounded for 0 < x < 1 and continuous,
the bounded convergence theorem allows us to interchange expectation and limit, yielding

lim A* = lim E|- ) P(x1]X9k+1)logP(xl\ngH)]
k—oo k—oo
x1€A
= E|= Y PaaX%)log Plar|X0,0) | = b,
z1€A
which completes the proof. |

In passing we should mention that there is no universal convergence rate to the entropy
for general stationary ergodic processes. However, for memoryless and Markovian processes
Marton and Shields [310] proved that the convergence rate to the entropy is exponential.

6.2.2 Rényi’s Entropy Rates

In many problems on words Rényi’s entropy rates are widely used (see Section 6.5 and
[22, 23, 25, 411, 412]). For —oco < b < oo, the bth order Rényi entropy is defined as

1/b
~log E[PY (X7 —log (Xyean PP (w)
hy = tim BB (Coes ) , (6.20)

n—o0 bn n—o0 n
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provided the above limit exists. In the above, we write P(w) = Pr{X] = w} for w € A™.
We will prove below that for mixing processes generalized Rényi’s entropies exist. For now,
we observe that
h = lim hb,
b—0

and by Hilbert’s inequalities on means (2.13) and (2.14)

—log (min{ P(XT") , P(XT') > 0})

hfoo = lim ’
n—oo n

b = g Zlos(max(PXY)  P(XD) > 0))
n—oo n

Example 6.3 Rényi’s Entropy for Memoryless and Markovian Sources
We compute here the Rényi’s entropies for memoryless and Markovian sources.

1. MEMORYLESS SOURCE. In this case, for b > 0 and a binary alphabet
n n B
Z Pb+1(w) _ Z <k>p(b+1)k:q(b+1)(n k) _ (pb+1 + qb-i—l)n’
weA™ k=0

where, as always, ¢ = 1 — p. For a general alphabet A of size V and probabilities p1,...,py
we obtain

1
hy = ~3 log(p?+1 + -+ pl‘)}H) b>0, (6.21)
h—oo = - logpmina (622)
hoo = - log Pmax; (623)

where pmax = max{pi,...,py} and ppin = min{p1,...,pv, p; > 0}.
2. MARKOVIAN SOURCE. In Section 4.2.3 we proved that

Y PUw) = BAG, (1 +0(p"))
weAn

for constants > 0 and p < 1, where Ay is the largest eigenvalue of the Schur product (i.e.,
element-wise product) Py =PoPo...oP = {pij}ijl- In view of this,

1
hy = —g log )‘[b—I—l]a b>0. (6.24)

With respect to h_o and heo, we need a result from digraphs (cf. [234, 368]). Consider a
digraph on A with weights equal to —log p;; where 4,5 € A. Let C = {iy,12,...,%y,%1} be a
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cycle for some v < V' such that i; € A, and let £(C) = — >} _1 log(piy iy,,) (With 1 = 1)
be the total weight of the cycle C. Then

. [4(C)
hoo = min {W} ;
2(C)
Karp [234] showed how to compute these quantities efficiently. O

We should point out that we have already encountered Rényi’s entropies in this book.
In Section 4.2.3 the entropies h; and ho, appeared in the analysis of the height of digital
trees, while h_,, popped up in the study of the shortest path and fill-up level in a digital
tree (see Exercises 4.10 and 4.11 in Chapter 4). The first Rényi’s entropy hy plays a role in
the analysis of molecular sequences as discussed in Arratia and Waterman [23, 25, 445].

6.3 Asymptotic Equipartition Property

An important conclusion from the Shannon-McMillan-Breiman theorem is the Asymptotic
Equipartition Property (AEP), which asserts that asymptotically all typical sequences
have the same probability approximately equal to 2™, We first precisely define the basic
AEP property, and then extend it to jointly typical sequences, formulate AEP for relative
entropy (divergence), and finally discuss a lossy typical sequences, formulate AEP for relative
entropy (divergence), and finally discuss a lossy generalization of AEP.

6.3.1 Typical Sequences
Let us start with the following definition:

Definition 6.6 For given € > 0 the typical set G; with respect to the probability measure
P = Pr{-} is the set of all sequences (x1,x2,...,x,) € A™ such that

9 (MP)re) < Py, a,) < 27 P)7E) (6.25)
where P(xy,...,xy) = Pr{X] = (z1,...,2p)}.

The Shannon-McMillan-Breiman theorem implies the following property that is at the
heart of information theory.
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Theorem 6.7 (Asymptotic Equipartition Property) For a stationary and ergodic se-
quence X7, for given € > 0 the state space A™ can be partitioned into two subsets, B, (“bad
set”) and G5, (“good set”), such that there is N so that for n > N. we have

9—nh(l+e) < PEh) < 9—nh(1—¢) for 2y eqg,, (6.26)
P{B} < e (6.27)

Moreover,
(1 N E)2nh(175) < |gfl| < 2nh(1+5) (628)

for sufficiently large n.

Proof. By Shannon-McMillan-Breiman theorem we have for any € > 0
1
Pr{‘——logP(Xl,...,Xn) — h‘ < 5} >1—c¢
n

for, say n > N.. Denote by B the set of 2] = (x1,...,z,) that does not satisfy the above.
Its probability is smaller than . Call those z' that fulfill the above inequality as G;,. Then
for 7 € G,

1
h—e<—=logP(zx1,...,x,) <h+e
n

which proves (6.26) and (6.27). Certainly, G is the typical set according to Definition 6.6.
To prove the second part of the theorem, we proceed as follows:

1 = Z P(z}) > Z P(2}) > Z 9—nh(l+e)

e An P Egs xP Gy
—nh(1
= 279G,

and
l—e < Pr{gi}< Y 27nh(=)
LS
2fnh(175)|g751|'
This completes the proof. |

6.3.2 Jointly Typical Sequences

In some applications (see Section 6.4.2), we need a generalization of AEP to a pair of sequences
(X7, Y]"). Let us start with a definition of jointly typical set.
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Definition 6.8 The typical set G of sequences (z7,y}") with respect to the probability mea-
sure P = Pr{-,-} is the set of all n-sequences such that for given € > 0 the sequence x% is
P(z) e-typical, yi is P(y) e-typical and

2—n(h(X,Y)+5) < P(x?,y?) < 2—n(h(X,Y)—a)’ (6.29)
where P(xl,y}) == Pr{X] = (z1,...,20), Y = (Y1,--.,Yn)}. In short,

Gy = {(afyp): 2700
27TLh(Y)(1+E) < P y?) < 2fnh(Y)(175)

2fn(h(X,Y)+5)§ P(x?,g/f) §2fn(h(X,Y)fs)}

IN
v
—~

8
=S
A
"
3
=
X
-
L3

for any € > 0.
The following is a generalization of AEP to jointly typical sequences.

Theorem 6.9 (Joint AEP) Let {Xj}i>1, {Y}i>1 and {Xg, Yi}ti>1 be mizing processes.
Then for given € > 0 there is N so that for n > N we have

Pr{(X{,Y") €G.} > 1—¢, (6.30)
(1 - )20 < |go) < gnhr+e), (6.31)

In addition, if X7 and Y}* are independent with the same marginals as P(X],Y), then
(1 - <3_)2—71(I(X,Y)—|—35) < Pr{()?{b’?ln) c grez} < 2—n(I(X,Y)—3€) (6.32)
for sufficiently large n.

Proof. Since {X}}x>1 and {Y}r>1 are mixing processes, by the Shannon-McMillan-Breiman
theorem we observe that for given £ > 0 there exists nq such that for n > ny

Pr{‘—%logP(X?) _ h(X)' > 5} <

wWlm Wl m

Pr {‘—% log P(Y{") — h(Y)‘ > 5} <

Also, since the pair { X}, Yy} is a mixing process, by the subadditive ergodic theorem (applied
to log P(X7,Y]")) we show that for given ¢ > 0 there exists ng such that for n > ng

1
Pr{‘——logP(Xf,Yln) - h(X,Y)‘ > 6} <
n

Wl ™
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In view of the above, for n > max{ni,ns} the probability of the union of the above sets is
less than €. Thus the intersection of the complements of these sets forms G, and therefore

Pr{G,} >1—c¢.

To prove (6.31) we proceed exactly as in the proof of AEP of a single sequence, so we
omit it here. Finally, for (6.32) we observe that

P{(X]\ Y egi} = Y PGP
(@1,y7)€Gn
< 2n(h(X,Y)+E)27n(h(X)75)27n(h(Y)76)

27n(I(X,Y)735)'

Using the left-hand side of (6.31), we establish in a similar manner the lower bound of (6.32).
This completes the proof. ]

The above finding has profound implications for channel coding. We shall discuss it in
depth in Section 6.4.2; however, a brief discussion is in order. Observe that there are about
onh(X) typical X sequences, about onh(Y) typical Y sequences, but only onh(X.Y) jointly typical
sequences (recall, h(X,Y) < h(X) + h(Y)). The probability that any randomly chosen pair
(X,Y) is jointly typical is approximately

2nh(X,Y)
AT penl(XY)
onh(X)onh(Y) :
In other words, for fixed Y;%, we may inspect about 2"/ (XY) pairs before we find a jointly

typical pair.

6.3.3 AEP for Biased Distributions

Consider the following classification problem: A nineteenth-century manuscript written in
Polish was found in Paris. One suspects that it is a lost manuscript of the famous Polish
poet Adam Mickiewicz. To prove this assertion a classification algorithm is proposed that
will compare (cf. [455] for possible algorithms) the found text with samples of Mickiewicz’s
writings.

From the information theory point of view, we may assume that the found text is generated
by an unknown distribution P = Pr{-} that must be compared with the known distribution
(@ obtained from Mickiewicz’s samples. In other words, we estimate the probability of x
generated by an unknown source P with respect to the known distribution Q). We call this
problem AEP for a biased distribution.
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To start, we must define the relative entropy or divergence D(P || Q) for random se-
quences. Let, as before, X" = (X1,...,X,), be a random sequence generated by source P
over a finite alphabet. We define the divergence rate as

Ep|l XU/ P(XT
D(P || Q) i= — lim Zrloa@ET)/PIXT)] (6.33)

n—00 n

provided the limit exists. Unlike the entropy rate, the above limit may not exist for general
stochastic processes, and in general one needs limsup in the above definition. Below, we
restrict our discussion to jointly mixing processes that will guarantee the existence of the
limit. In such a case, we can also write

o Blos@OXT)] L Epllog QUXD)/P(X})] + Epliog P

n—00 n n—00 n

= W(P)+D(P| Q).

Let us now extend AEP to biased distributions. First, however, we prove the existence
of the limit in (6.33) for the jointly mixing processes.

(JMX) Let the measures P and @ be defined on the same probability space and let F}), be the
o-algebra generated by X'. The measures P and @) are weakly mizing if there exist
constants c1,C1, c2,Cy such that for any m,g > 1 and any two events A € F" and
B € FS°,  the following holds

m+g
c1P(A)P(B)
C1Q(A)Q(B)

< P(AB) < cP(A)P(B), (6.34)
< Q(AB) < (Q(A)Q(B) (6.35)
and ¢, Cq > 0.

In passing, we should observe that the condition ¢i,C; > 0 is quite restrictive. For ex-
ample, not all Markov chains belong to (JMX), but Markov chains with positive transition
probabilities are jointly mixing (see Theorem 2.1).

It is easy to see that if both @ and P are mixing (cf. (2.2), then

log Q(XT')/P(XT') <log Ca/c1 +log Q(XT")/P(XT") + log Q(X7,)/ P(Xy,),

and log /P is subadditive. By Theorem 5.8 we have
1 XM/ P(XT

im og Q(XT')/P(XT) - D

- Jim ) (PIQ) (as),
and hence .
~ lim % —WP)+D(P||Q) (as.). (6.36)

This leads to the following generalization of AEP (details of the proof are left as an
exercise).
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Theorem 6.10 (AEP for Biased Distributions) Let {X}}r>1 be generated according to
P, which, together with another distribution Q, is jointly mixing as defined in (JMX). Then
the state space A™ can be partitioned into two subsets, BS, (“bad set”) and G5 (Q) (“good set”),
such that for given € > 0 there is N, so that for n > N. we have

o Uh(P)EDPIQNOYe) < Q(gn) < 2 P)FDPIR)A=) = on c GE(Q),  (6.37)
Q(B;) <e (6.38)

Moreover,
(1 — )2nP)FDEIRNI=2) < |ge ()] < 2n(MP)+DPIIR)) (<) (6.39)

for sufficiently large n.

We should point out that the above AEP for biased distributions cannot be extended to
general stationary ergodic processes (cf. [179, 180]). In fact, as we mentioned above even the
limit in the definition (6.33) may not exist in a general case. However, the following general
result is known (the reader is asked to prove it in Exercise 10; cf. also Gray [75, 181]).

Lemma 6.11 If P is a stationary process and P* represents the measure of a k order sta-
tionary Markov process, then the limit in (6.33) exists and

D(P || P*) = ~hp(X) — Ep[ln P*(X;| X5 ™)) = ~hp(X) — hpr (Xi X5 7).

6.3.4 Lossy Generalizations of AEP

Let w € A* be a word of length k. Often one asks for the probability that a prefix of a
sequence generated by a stationary source is equal to w. Using AEP, we can asymptotically
estimate this probability (e.g., by checking whether w is a typical sequence). But in some
situations (e.g., imagine a continuous signal) another question is more appropriate, namely,
how well w approximates a k-prefix of a sequence. To answer such a question a lossy or
approximate extension of AEP is needed. We discuss this next.

In order to more precisely define the notion of approrimate, we need to introduce a
distortion measure or a distance (cf. Berger [42] for a detailed discussion). In information
theory, one defines the distortion function between symbols as

d: AXA—>R+.

Then the distortion-per-symbol becomes

n an 1 & A
dp (2}, 27) = - Zd(mz,xz) (6.40)
i=1
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For example, for the Hamming distance one sets d(z;,2;) = 0 if x; = &; and d(z;,2;) = 1
otherwise. Observe that in this case, the distortion d,(z7,27) represents the fraction of
mismatches between 7 and 7. Another distortion measure is useful for image compression,
for example, the square error distortion defined as d(z;, #;) = (v; — &)

Let us now fix D > 0 and define a ball of radius D and center cf € A* as

Bp(c}) = {2 : dy(at,¢f) < D}

In particular, By(z%) = 2¥. If a random sequence X} is generated by source P, we shall write
P(Bp(XTF)) = 2 skeBp(XF) Pr{#}}. With these definitions in mind, we can now generalize
Rényi’s entropy.

Definition 6.12 (Generalized Rényi’s Entropy of order b) For any —oo < b < oo
log E[P*(Bp(XY))]

ry(D) = —khlgo o (6.41)
log (Syear P(Bo(wh))P(wh))
= — lim ,
where for b =0 we understand ro(D) = limy_q7p(D), that is,
E[log P(Bp (X}
ro(D) = — lim [log (kD( D)l (6.42)

provided the above limits exist.

In Theorem 6.13 below, we first establish the existence of the generalized Rényi’s entropies
for mixing processes. Then, we prove a generalization of the Shannon-McMillian-Breiman
theorem, which will imply AEP for approximate/lossy case.

Theorem 6.13 (AEP for Approximate/Lossy Case) (i) Let {Xy}r>1 be a weakly mix-
ing process with ¢ > 0 (¢f. (6.34). Then the generalized bth order entropy ry(D) is well
defined (i.e., the limit in (6.41) exists) for any —oo < b < co.

(ii) The generalized Shannon entropy ro(D) satisfies

log P(Bp(XF
(D) = — Jim BTEDEL)

(a.s.) . (6.43)

(i) For a weakly mizing sequence {Xy}r>1 and fivzed € > 0, the state space A™ can be

partitioned into two subsets, B, (“bad set”) and G5, (“good set”), such that there exists N¢ so
that for all n > N we have

9~ Uro(P)+e) < P(Bp(ah)) 9~nro(D)—e) (6.44)

P(B:) £, (6.45)

(1 —g)2nroP)=e) < G2 (6.46)

<
<



153 Elements of Information Theory

Proof. We consider only 0 < b < oo, while the b < 0 case is left as an exercise. For (i) it
suffices to show that for some constant ¢ > 0

E[P(Bp(X{™™))] > cB[P"(Bp(XT))|E[P"(Bp(X{"))]. (6.47)

Provided (6.47) is true we simply use Fekete’s Theorem 5.1 to establish our claim. In the
course of proving (6.47) we shall see that P°(Bp(X71™)) > cP*(Bp(X}))P(Bp (X)),
which by the subadditive ergodic Theorem 5.8 applied to log P(Bp(X7)) will imply (6.43) of
part (ii).

We now wrestle with (6.47). Observe that for any string w]™™ € A"*™ of length n + m
we have

b b
P(Bp(uft™) = > PET| ze >, PEDPGEL
e B (Wt A FTEBD (wit™)
b b
> c( 3 P(z?)) 3 P(zp{t")
27€Bp(w?) i eBp(wlitl)

= PP (Bp(w}) P (Bp (i),

where ¢ > 0 is a positive constant. The first inequality of the above follows from the weak
mixing condition (6.34), and the second one is a simple consequence of the following easy-to-
establish property of the distortion-per-symbol

N n N
dn—f—m(x?lz—i_m’xrlﬁm) = dn(z7,27) +

d n+m sm-+n )
n-+m n-+m m(@ )

n+1 anrl

In fact, for the proof we need inequality in the above, which is satisfied by any distortion
measure having subadditivity property. To complete the proof we again use the mixing
condition to get

E[P*(Bp(X{*™))] = > PY(Bp(w™™)P(wit™)
witme Antm

> ¢ Y P(Bp!)Pw]) Y PYBpwlt)Pwi")

wiEA™ w;nflneAm

= cE[P"(Bp(X7))|E[P"(Bp(X;11"))-

Parts (i) and (ii) are proved by Fekete’s theorem and the superadditive ergodic theorem (see
Chapter 5).
Part (iii) is a direct consequence of Part (ii). For example, to prove (6.46) we proceed as
follows
1—e< S P@) < Y P(Bpa}) < |gef2 @9,

2}Egs 2} €Gs



154 Elements of Information Theory

This completes the proof. ]

The evaluation of the generalized Rényi’s entropies is harder than for the lossless case.
Rényi’s entropies for memoryless sources are computed in the lemma below. There are no
simple formulas for the generalized Rényi’s entropies for Markovian sources; however, some
useful relationships may be found in Yang and Kieffer [439].

Lemma 6.14 (Luczak and Szpankowski 1997) Assume a binary alphabet A = {0,1}
with symbol occurrence p and g = 1—p. Define h(D,z) = (1—D)log((1—D)/xz)+Dlog(D/(1—
x)) for 0 < D,x < 1. Then

(i) Let pmin = min{p, ¢} and pmax = max{p, q}, then

. h(Dupmin) fOT D S Pmax
r-oo(D) = { 0 for D > puax -

and

a0 ={ (P DS
In addition, r_oo(D) and ro(D) are convez functions of D.
(ii) If p = q = 1/2 then, for every —oo < b < 00 and D < pyin, we have ry(D) = h(D,1/2).
(iii) Let p # q and —oo < b < 0o. Then ry(D) = 0 whenever D > 2pq, while for 0 < D < 2pq
and b # 0
(D) = (1/8) min {wlog(x/p) + (1 - 2)log((1 — x)/g) — b(Dlog(p/q)

+ zlog(pz) + (1 — z)log(q(1 — 2)) — log(z — F(z)) (6.48)

Dlog(D — F(x)) ~ (1~ z — D)log(1 -z — D+ F(x))) } ,

where F(x) is defined as

_e+D V't (@+D)(g—p)* +42¢?Dlp —q) —p*
2 2(p —q) '

F(x) (6.49)

In particular, we have

(D) = h(D,P) for D<1-—P =2pq
n 10 for D >1— P = 2pq,

where P = p? + ¢*. The function r1(D) is conver with respect to D.
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(iv) If p # q, then ro(D) = 0 for D > 2pq, and for 0 < D < 2pq
ro(D) = —(Dlog(p/q) + 2plogp+2qlog q — plog(p — F(p))
~ Dlog(D — F(p)) - (¢ - D)log(q — D+ F(p))) , (6.50)
where F' is the function defined by (6.49). In addition, ro(D) is convex with respect to D.

Proof. We only prove part (iii). The reader is referred to [303] for the whole proof, or even
better, is encouraged to provide the missing parts.

Let p # ¢ and —o00 < b < 00, b # 0. From the definition of the expectation, for
E[P’(Bp(X}))] we have

k |Dk|  min{ij} . . b
b k i\ (k-1 i+j—20 k—i—j+20
E[P BD X E E E i .y b q )
i=0 J=0 t=max{0,i+j—k} J

where i counts the number of ones in X¥, j stays for the overall number of mismatches, and ¢
is the number of disagreements among ones. Let us look first at the sum

o |Dk|  min{i,j} D\ (k= ivj20 k—i—j+2e
sthi) = > > () g )p e

Jj=0 ¢=max{0,i+j—k}
[Dk]  min{i,j}

— Z Z ’I”(k', iv jv e) .
j=0 ¢=max{0,i+j—k}

Since there are at most k2 terms in the sum, certainly we have

maxr(k,i,j, ) < s(k,i) < k* maxr(k,i,5,0) .
]7 j?

(Note that all ratios that grow polynomially with k& will disappear if we divide the logarithm
of s(k,i) by k; thus they will not affect the value of r,(D).) Similarly,

max <k>p’qk ‘ b(k: i) < E[Pb(BD(Xk))] < k:mzax <k>pzqk ‘ b(k i) .

By Stirling’s formula (cf. (8.31)) for every = € (0,1) we have

(xk’f> - (m)k : (6.51)



156  Elements of Information Theory

We use the above to estimate the binomial coefficients and set ¢ = zk, j = yk, £ = zk to
arrive at the following asymptotic formula: for E[P®(Bp(X¥))]

max

z l—z oy—2z l—a—y+22,3 (| _ 4)l-w
nggl{(xx(p q p q zt(1 —x) })b)k}

1—g)d-2) (Ar(r;lcz,%) {zz(:c —2)* 2y — 2V (1 —x — y + z)l—rvtz
where A(z, D) C R? is defined as
A(z,D) = {(y,2) €R?:0 <y < D, max{0,z +y — 1} < z < min{z, y}} .

Consequently, we get the following formula

(D) = (1/b) min {xlog(x/p) + (1 —x)log((1 - z)/q)
- bAr&E%) {(x + vy —2z)log(p/q) + log g+ zlog (6.52)

+ (1—2a)log(l —z)—zlogz — (z — 2)log(z — 2)
— (y—z)log(y—z)—(l—x—y—i—z)log(l—x—y—i—z)}}.

Simple algebra reveals that (6.48) follows from (6.52). Indeed, let us assume first that
D > 2pq. Then, the value of the maximum in (6.52) is 0 and is achieved for y —z = (1 — z)p
and z = gz. Furthermore, the first two terms vanish for x = p. Hence, for such a D, we have
ry(D) = 0 for every —oo < b < 0.

If D < 2pq, then the function which appears under the maximum in (6.52) grows with y,
so we must put y = D. Furthermore, easy calculations show that to choose an optimal value
of z one must solve the equation

(p—q)22+ P>+ (q—p)xz+D))z—xDg*>=0.

Thus we should set z = F(z), where F' is defined by (6.49), and (6.48) follows.

Finally, let us notice that the case when b = 0 can be easily deduced from (6.48). Indeed,
for b — 0 the sum of the first two terms zlog(z/p) and (1 — x)log((1 — x)/q) must vanish,
which is possible only for z = p. Thus, (6.50) follows. [ |

We must point out, however, that one can envision another AEP for the lossy case that
is actually quite useful in the rate distortion theory discussed in Section 6.4.3. We briefly
discuss it here.

We start with a definition of distortion typical set denoted as QfM.

Definition 6.15 The distortion e-typical set G, of sequences (x7, &) with respect to the
probability measure P = Pr{-,-} is the set of all n-sequences such that for given € > 0

Gin = {(@1,37): 2P < pap) < g7k,
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9—nh(X)(1+¢) < P@ED) < 2—nh(f()(1—€)’

1
Expld(XT, X{)] —e < d(@},d}) < Expld(X], X7)] + 6}-
The following extension of joint AEP can be stated.

Theorem 6.16 (AEP with Distortion) Let {Xj}i>1, {Xk}kzl and {Xk,f(k}k.zl be miz-
ing processes. Then for given € > 0 there is N so that for n > N. we have

Pr{(X], X7 €G3} >1—¢, (6.53)
while for (x1,27) € Gy, ;, we obtain
P |27 075 < P(af) < P(af )2 059 (6.54)
for sufficiently large n.
Proof. We prove only (6.54) since (6.53) follows from the subadditivity of log P(X7{),

log P(X7), log P(X7, X7') and d(X7}, X?) for mixing processes. Observe that for (z7,27) €
Gin

P(@fly) = P(i7)

< P(3" § — P(3" 2n(I(X,)A()—36).
= (xl)Q—n(h(X)-i-e)Q—n(h(X)-i-e) (1)

The lower bound is proved in a similar fashion. |

6.4 Three Theorems of Shannon

In 1948 Claude Shannon published his seminal paper “A Mathematical Theory of Communi-
cation”, where he formulated the three fundamental results of information theory: the uni-
versal source coding theorem, the channel coding theorem, and the rate distortion theorem.
In this section, we discuss them and provide simple proofs. We shall follow the presentation
of Cover and Thomas [75]. In Shannon’s spirit, we shall deal mostly with memoryless sources
to succinctly present the main ideas. Throughout this section, we use a new technique, not
yet seen in this book, called random coding. This method selects codes at random to establish
the existence of a good code that achieves the best possible code rate.
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6.4.1 Source Coding Theorem

A source code # for a source (random variable) X taking values in the set A is a mapping
¢: A—{0,1}",
that we also write as #" = ¢(X). Such a code is one-to-one if
riFr; € A = C(x) # Clxj).
The code 77, for a sequence X, ..., X, is an extension of Z and it is defined by a mapping
¢n: A" — {0,1}".

Such a code is:

o Uniquely decodable if it is one-to-one;

e Prefix code or instantaneous code if no codeword is a prefix of another codeword.

It turns out that lengths of prefix codewords cannot be completely arbitrary and must
satisfy a certain constraint known as Kraft’s inequality. We prove it below for the simplest
case. Its extensions can be found in [75].

Theorem 6.17 (Kraft’s Inequality) For any prefix code (over a binary alphabet), the
codeword lengths €1,4s, ..., 0y, satisfy the inequality

Yoot <1 (6.55)
i=1

Conversely, if codeword lengths satisfy this inequality, then one can build a prefix code.

Proof. This is an easy exercise on trees. Observe that one can associate a binary tree with a
code by assigning, say, “0” to left branch and “1” to the right branch. A path from the root
to a node creates a code. Prefix codes guarantee that none of the codewords are assigned to
an internal node; that is, all codewords are terminal nodes (or leaves of the tree). Let fyax
be the maximum codeword length. Observe that at level /.« some nodes are codewords,
some are descendants of codewords, and some are neither. Since the number of descendants
at level £pax Of a codeword located at level ¢; is 2fmax—¢i (if root is at level 0 of the tree, then
at level ¢ there are no more than 2¢ nodes), we obtain

m
Z 2émax _Zi S 2gmax’
=1
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which is the desired inequality. The converse part is easy to prove, and we omit it here. =

f

The average length £, ( Z,) of the source code %, is defined as

Z ()P (x}

zPeAn

where P is the source distribution; that is, P(2}) = Pr{X? = 27}. We cannot make £( Z7,)
arbitrarily small, as Theorem 6.18 below indicates. In other words, there is a limit how much
we can compress on the average.

Theorem 6.18 For any source code %, satisfying the Kraft inequality, the average code
length £( 7 ',) must be bigger than or equal to the entropy h(X7) of the source, that is, {( Z) >
hn(XT).

Proof. Let K =3 ;» 2~¢=1) < 1. Then

U7n) —ha(XT) = 3 Plapla})+ Y Pla})log Pa})
nEAn nEAn
= Z P(x?) log (n)) —log K
wieAn /K
> 0,

since the first term is a divergence and cannot be negative by Theorem 6.3, while K <1 by
Kraft’s inequality. |

The quantity

is known as the average code redundancy. We just proved that for prefix codes it cannot
be negative. We also observe that the average bits per symbol £(C,)/n is bounded from
the below by the entropy rate of the source. In Theorem 6.19 below we show that this is
true even if we allow errors on the decoding side. We shall return to the code redundancy in
Sections 8.7.2 and 9.4.2, where we use analytic tools to evaluate precisely the code redundancy
for some classes of processes.

To formulate a universal source coding problem, we start by introducing the bit rate R
of a code %,. Hereafter, we deal only with extended codes for Xj,..., X, generated by a
source with the underlying probability measure P. Let M be the number of codewords for
% n. The bit rate of such a code is defined as

log M
—

R:
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We often write M = 2™ to mean M = [2"f], and the corresponding code we denote as
(277 n). Observe that R represents the number of bits per source symbol, and it can be
viewed as the reciprocal of the compression ratio. We expect R < 1 for good compression
codes.

The fized rate block code %y of rate R for Xy,..., X, is defined by two mappings:

1. Encoder
bn: A" — {1,2,...,2"};

2. Decoder
Un s {1,2,...,2"0) - A"

where we explicitly set M = [2"1].

Let X7 = ¢, (¢n(XT)) = thn( Z0), and we allow that X7 # X7, In this case, we define the
probability of error Pr with respect to the source probability P as

Pg = Pr{X} # X7}

The problem of universal source coding is to find the smallest bit rate R (or biggest
compression ratio) such that Pg < ¢ for given € > 0 irrespectively of the (usually unknown)
distribution P.

The first Shannon theorem states that one can build a universal source code as long as
the bit rate R is bigger than the entropy h(P) of the source. In other words, on average the
best bit rate is equal to the entropy of the source.

Theorem 6.19 (Shannon, 1948) (i) There exists a sequence of (2", n) universal source
codes with rate R > h(P) such that for a given € > 0 the probability of error Py < ¢ for large
n.

(ii) Conversely, for all universal codes with Pg — 0 the bit rate R > h(P).

Proof. We prove the achievability part of the theorem by constructing a random code that
satisfies the conditions of the theorem. For given € > 0, let G be a set of A" such that
P(G:) > 1 —e. We assign codes that are correctly reproduced to elements of the set GS.
Clearly, then, the error Pg is bounded by €. By AEP, we know that G/ is the set of P-typical
sequences and its cardinality can be bounded as (1 — &)2MMP)=2) < |ge| < 2nh(P)+e) Thuys,
R =log|G:|/n is bounded between h(P)—¢ and h(P)+e¢, for sufficiently large n. This proves
the first part of the theorem.

To prove the converse, we establish that if R < h(P), then Pp > 1 — ¢ for a given
0 < e < 1. Let ¢’ be the subset of all codewords % that are encoded without an error.
Observe that | 7’| = 2", Since we assume that R < h(P) there exists § > 0 such that

| (;/,/| < 2n(h725).
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/\

W s Encod X | Channel Y Decod W
Message | — o0& P(YX) eC00& "Decision

Figure 6.1: A communication system.

We now use AEP with 2§ = € to obtain (we write below B, = A" — G5)

1-Pg = Y P(})

zte iz
= >, PEh+ Y Plai)
ave 7'nBy/? are 7'ngs?

S 5/2 + 2n(h725)27n(h76) < €’

for sufficiently large n. This proves the theorem. |

6.4.2 Channel Coding Theorem

Let A relay a message W drawn from the index set of size M to B, who receives message 144
and must guess W. Such a communication is performed by sending the signal X (W) that
is received as a signal Y depending on X, hence on the message W. This communication
process is illustrated in Figure 6.1, in which the communication medium is called the channel
and is characterized by the conditional probability P(Y'|X). As before, we shall write P for
the probability measure characterizing the source and the channel. In fact, we should point
out that to send M messages one needs a code of length n > log M, so from now on we shall
deal with X7* and Y{"* for some n > log M.

Throughout this section, we consider the channel P(Y]"|X{) satisfying the following three
properties:

P(yrlat) = ] Pyilzi), (6.56)
=1
P(zp|z®= 1 51 = P(a)zbY,  k=1,2,...,n. (6.58)

Such a channel is called a discrete memoryless channel (cf. (6.56) and (6.57)) without feedback
(cf. (6.58)).

For the channel P(Y{*|X]'), we define an (M,n) channel code with rate R and M = [2"]
as follows:

e Encoding function
Xt {L2,...,M} — A",



162 Elements of Information Theory

yielding codewords X7(1),..., X7 (M) that constitute the codebook;

e Decoding function
x: B"—{1,2,...,M},

where B is the alphabet of the output signal Y. Observe that the received message is
W= x(¥7").

The point to observe is that we consider a moisy channel that can alter the signal, so that
the received signal is not necessary equal to the original one. To capture this situation, we
introduce the (average) probability of error Pr defined as

Py = Pr{W #W} (6.59)

1 M 1 &
= X Prix(Y) #iW =i =30 > POiled@).
=1

i=1yfx(y7)#i

This definition implies that a message to be sent is selected uniformly from the index set
{1,2,..., M} where M = [2"%].

The channel coding problem is to find the largest possible R (hence M) for which
there exists a channel code (2%, n) such that the probability of error Pp — 0 as n — oo. In
a sense, the channel coding is an opposing problem to the source coding. In the latter, we
try to find the best compression, thus the smallest possible bit rate R, while in the former
we want to reliably send as many messages as possible, hence making the code rate R as big
as possible.

To formulate the main result of this section, we introduce the channel capacity defined
as

C= II?(E;%{I(X, Y)}. (6.60)
(In Exercises 17 and 18 we ask the reader to compute the channel capacity for the bi-
nary symmetric channel and the binary erasure channel.) We shall prove that the chan-
nel capacity is the achievability rate of channel codes. To see this intuitively, we observe
that there are approximately 2"#(Y) typical Y-sequences. We can divide this set into
on(H(Y)-H(Y|X)) — 9nl(X3Y) ({jstinguishable sets of size 2"(Y1X) corresponding to differ-
ent input sequences (Theorem 6.9). Hence, we can send at most 2™/ (X3Y)distinguishable
sequences of length n. Below we make this statement more rigorous. In our presentation, we
shall closely follow the excellent exposition of Cover and Thomas [75].

To follow this idea, we first derive the converse channel coding theorem by showing that
if R > C then Pp > 1— ¢ for sufficiently large n. Then, we formulate and complete the proof
of the Shannon coding theorem.

Our goal now is to show that

Pp>1-=—— (6.61)
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which would imply that if R > C, then the probability of error is bounded away from zero
for sufficiently large n. To derive it, we first observe that

hWIY") = h(W)—I(W;Y")
> W(W) - I(X1; Y > n(R - C), (6.62)

since I( X YY) < I(W;Y]), nR < h(W) (indeed, 2™ < [2"] = M), and I(X;YT") < nC.
To see that the latter is true, we write the following chain of relationships that follow directly
from the definition of the discrete memoryless channel (6.57) and (6.16):

I(XT:Y") = h(Y") = h(Y'|XT) = h(Y(") = > _h(YiY1,....Yi1, X7)
=1

= Z Y1) < DY) — Y h(Yi|X)

= =1

=1 1=

= (XHY)

We now derive an inequality on h(W|Y{"). Let E = I(W # W), where, as always, I is
the indicator function. Using h(X,Y|Z) = h(X|Z) + h(Y|X,Z) =h(Y|Z) + h(X|Y, Z), and
noting that h(E|W,Y]") = 0, we have

WE, WIYT") = h(WI[YT") = M(EYT") + h(WI[E, Y") < 1+ h(WI[E,YT"),
where the inequality follows from h(E|Y]") < h(E) < 1. We estimate h(W|E,Y]") as follows:

WWIE,Y?) = Pr{E=O0Wh(W[Y],E = 0) + PHE = Mh(W[Y{, E = 1)
< (1 — PE)O + PpnR < nRPpg,

since h(W1Y]", E = 0) = 0 due to the fact that in this case W is completely determined by
Y. Combining everything we obtain the Fano inequality

hW|Y]") <1+ nRPpg, (6.63)

which, after substituting in (6.62), proves (6.61).

In view of the above, we know that the rate of a reliable transmission (i.e., Pr < ¢)
cannot exceed the capacity of the channel C. But, can we achieve this capacity? In 1948
Shannon was the first to use a number of new ideas (e.g., random coding technique) to prove
this rather counterintuitive fact. We formulate it in the following channel coding theorem.
Below, we deal with the average probability of error Pg, but the theorem holds also for the
maximal probability of error Pya.x = max; Pr{x(Y{") # i|W =i} (the fact that the reader is
asked to prove in Exercise 13).
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Theorem 6.20 (Shannon’s Channel Coding Theorem) (i) For every e > 0 and rate
R < C, there exists a sequence of (2", n) codes with Pr < ¢ for sufficiently large n.
(i) Conversely, any sequence of (2%, n) codes with Pr — 0 must have R < C.

Proof. The converse part was already proved above, so we now concentrate on the achiev-
ability part. The proof of this part is a classic example of the random coding technique.
Thus, let R < C' and we construct a random code that achieves Pgr as small as desired for
sufficiently large n. We independently generate a (2"%,n) code according to the distribution
P(z}) = [1"; P(z;). The wth codeword is denoted as x7(w) for 1 < w < 2"%. Clearly, the
probability of generating a particular code % is

onk g

= II I P(zi(w))

w=1i=1
We postulate that:

e The code % is revealed to both sender and receiver.
e A message W is chosen uniformly, that is,
Pr{W =w} =2

forw=1,2,...,2"E

The codeword of z!'(w) sent over the channel is received as y}', where
n
P(y}|2 (w) = [T Plyilwi(w)).
i=1

Typical Decoding Procedure. The receiver declares that W was sent if: (i) (XJ(W),Y;")
is jointly typical; (ii) there is no other index K # W such that (X7 (K),Y{" )1s jointly
typical (cf. joint AEP Theorem 6.9).

Under the above decoding rule, we now estimate the probability of error Pp = Pr{WW #
W}. Let PE( %) =Pr{W # w|W = w} when % code was used. Clearly

QnR

PE_ZP VPHW # W|7) = 2nRZZP ZV\PE( 7
w=1 &

But by symmetry of the code construction the average probability of error averaged over all
codes does not depend on the particular index w; hence we further assume w = 1. The above

can be written as
Pp =Y P(7)Pg
Z/
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Let now
A = {(X1(0), YY) € G5, ie{l,2,...,2"F}

where G is the set of jointly (X,Y )-typical sequences. Clearly,

onR

Pg=Pr{A;] UAyU---UAgr} < Pr{A;} + ) Pr{4;},
1=2

where Aj is the complement of A; and represents the event that X7 (1) and Y;* are not jointly
typical. Observe that X7'(1) and X7 (i) are independent, as well as X{'(i) and Y{" for i # 1
due to the way the code is constructed. Then by Theorem 6.9,

2nR

2nR
< e+ Z 27n(I(X,Y)73s)
=2
< e+ 23ns2fn(I(X,Y)fR)
< 2

for sufficiently large n and R < I(X;Y) — 3e. To complete the proof, we choose the source
distribution P to be the distribution P that achieves the capacity C. Hence, the condition
R < I(X,Y) in the above can be replaced by R < C. [

6.4.3 Rate Distortion Theorem

In some situations, we cannot or do not want to recover exactly the message sent by the
encoder. The former situation arises when dealing with continuous signals while the latter
occurs in a lossy data compression when one agrees to lose some information in order to get
better compression. Rate distortion theory deals with such problems and can be succinctly
described as follows: Given a source distribution and a distortion measure, what is the
minimum rate required to achieve a particular distortion?

To state our problem in precise mathematical terms, we introduce some definitions. Let
M = [2"%]. A rate distortion code consists of an encoding mapping

b A" — {1,2,...,2"F}
and a decoding (reproduction) function

Ut {1,2,...,2" — A7,
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where A is the reproduction alphabet. We often write
X' = tn(dn(XT))

and refer to X ' as the reproduction vector, and A" as the reproduction space. The point to
observe is that X7 # X{L and X{L approximates the source code X{. We now introduce a
distortion measure that was already mentioned in Section 6.3.4. Throughout this section, we
consider only the bounded distortion function, that is,

max {d(a,ad)} = dpax < 00.
acAEA

Roughly speaking, given D > 0, we call a rate distortion code (2% ,n, D) D-semifaithful if
either d(X]', X}) < D with high probability or Exp[d(X}, XT)] < D. We shall show below
that these two definitions are asymptotically equivalent, at least for memoryless sources,
which are assumed throughout this section. We shall follow here Csiszar and Koérner [78] and
Cover and Thomas [75].

Definition 6.21 (i) A pair (R, D) is called e-achievable rate at distortion level D for source
{Xk}e>1, if for every § > 0 and sufficiently large n there exists a sequence of rate distortion
codes (¢n, 1) of rate less than R+ 0 such that

Pr{d, (X7, ¥(3(XT)) < D+6} > 1—e. (6.64)

(ii) The real number R is an achievable rate at distortion D if it is e-achievable for every

(iii) The pair (R, D) is called an achievable rate-distortion pair if it is achievable.
(iv) The infimum of achievable (resp. e-achievable) rates at distortion D is called the rate
distortion function and will be denoted R(D) (resp. R:(D)). Clearly

R(D) = lim Re(D). (6.65)

Before we go any further, we would like to observe that condition (6.64) can be replaced

by a more global one:
Tim By [d(X7, (60 (X7))] < D. (6.66)

without any harm to the final results. To see this, let us first assume (6.64) holds. We show
that (6.66) follows. Indeed, let S, be the set of Z7 for which (6.64) holds. Then

E[d(X],X7)] = Y Plaf)d(af, )

1
= Y Plhd@tat)+ Y P@f)d(=t, i)
x?ESn x?%Sn

IN

D + 0 + edmax-
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Now assume (6.66) holds, and let N(a, a|z7}, #7) be the number of a € A and & € A occurring
in 27 and Z7, respectively. If (X, X k) are i.i.d., then from the law of large numbers we infer
for any € > 0

lim Pr{|N(a, a|X?, X" /n — P(a,a)| > e} =0, (6.67)

where, as always in this section, P(-,) is the probability measure of (X, Xj). (Observe that
(6.67) holds for a much larger class of processes.) In view of this, we have:

n n 1 ~ n vn A~
d(X17¢n(¢n(X1) = E Z ZN(G7G|X17X1 )d(ava’)
acA @GA
(6.67) .
< > > P(a,a)d(a,a) + 2¢|A||A|dmax  with prob. 1 —¢
acA @GA
(6.66)
< D+ with prob. 1 — ¢,

where 6 > 0. This implies (6.64). Therefore, we shall freely use either (6.66) or (6.64) in the
discussions below.

We now define the information rate distortion function Rr(D), and later prove that for
memoryless sources it is equal to the rate distortion function R(D); that is, R;(D) represents
the infimum of rates that achieve a particular distortion. This is the main result of this
section, which was proved by Shannon in 1959.

Definition 6.22 The information rate distortion function Ri(D) for source {Xj}i>1 with
distortion measure d(x, ) is defined as

R;(D) = min I(X;X), (6.68)
P(&|):E[d(X,X)]<D

where the minimization is over all conditional distributions P(Z|x), for which the joint dis-
tribution P(x,%) = P(x)P(Z|x) satisfies

E[d(X,X)] = Y P(z)P(&|z)d(z, &) < D.
(@)

In Exercise 21 we ask the reader to prove the following property of R;(D).

Lemma 6.23 The information rate distortion function Rp(D) is a non-increasing convex
and continuous function of D.

The main result of this section can be stated as follows.
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Theorem 6.24 (Shannon Rate Distortion Theorem) The rate distortion function R(D)
for memoryless sources X with distribution P(-) and bounded distortion function d(x,z) is
equal to the information rate distortion function Rr(D), that is,

R(D) = R;(D) = min ~ I(X;X) (6.69)
P(z|z):E[d(X,X)|<D

1s the minimum achievable rate at distortion level D.

Proof. CONVERSE. We start with the converse part, which is easier. We need to show that
for any (2", n, D) rate distortion code, the code rate R satisfies R > R;(D). We proceed now

as in Cover and Thomas [75], taking into account the fact that Xi,...,X,, are independent:
nk > h(XT) = h(XT) = h(XT |X1) I(XlaXl)
Theotem 62 (x1y — B(XT|XD) Z h(X Z h(Xi| X7, X1, Xi1)
i=1
(6.15) n n . n X
> Y On(X) =Y Xl X) =Y I(Xi; X;)
i=1 i=1 i=1
(6.68) n .
> > Ri(E[d(X;, X;)))
i=1
Lemma 6.23

2 Ry (% > (Bl fm]) = nRi(BlA(XT, X7))
i=1

Lemma 6.23
>

TLR[(D)

ACHIEVABILITY. Let P(Z|z) be the conditional probability that achieves equality in the
definition of R;(D), that is, I(X; X) = R;(D). We will prove that for any 6 > 0 there exists
a rate distortion code (2", n, D) with rate R > R;(D) and distortion smaller than D + 4.
As in the channel coding theorem, we construct a random code as follows:

e Generation. Generate randomly a rate distortion codebook % consisting of 2™ se-

quences X} drawn iid. according to [, P(#). Index this codewords by w €
{1,2,...,2"8),

e Encoding. Encode 2z by such w that (X7, X7(w) € G4 Where Gp ; is the set of
distortion typical sequences, as defined in Definition 6.15. If there is no such w, set
w = 1. Observe that nR bits suffice to encode such an index w.

e Decoding. The reproduction sequence is X7 (w).
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We need to estimate the expected distortion EX? ~ld( n X™)] over the random choice of
codebooks 7. Observe that

EX{L, r;/[d(X{L,X{L)] < D + € + Pgdnax,

where P is the total probability of all sequences z7 for which there is no codeword X (w)
which is distortion typical with z7. It suffices now to show that Pr — 0 for sufficiently large
n.

We estimate now Pg. Let S,,( #”) be the set of source sequences z' for which there is at
least one codeword in % that is distortion typical with 7. We obtain

P = Y P(7) Y PEh=XPay) Y P(?7)
z ¢S, (7)) at CangSn( %)
QnR

= Y Pa) (1-Pr{@}, X7) € Gia}) (6.70)

2nR

where the last equation is a consequence of a random generation of independent code-

words. Using distortion AEP Theorem 6.16, we obtain
Pr{(2},X}) € Gin} = > P@ED)
2727, 27)€G ,,
> o nI(GX)+3) NN p(gnyat). (6.71)
7 (27,27)€g ,,

Let A(z}) = Zi’?:(x?@?)egi,n P(z7]zt). We continue now with (6.70), and use the following
simple inequality

l-zy)"<l—z+e ™, 0<z,y<l1 (6.72)
to obtain

(6.71) )
Pp < 3Py (1- 270 40))
Z1

onR

(6.72) R)_3e
< D P@ED)(1 - A])) + exp (2R3
R

- Z P(x?,27) +exp (—2”(R—I(X;X)—3a))
@ 27)¢93 .
-0 if R>I(X;X)+3e,
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since Pr{(X7, X} ¢ Gin} < € due to (6.53) of Theorem 6.16. In summary, if we choose
P(z|x) to be the conditional distribution that achieves the minimum in the rate information
function R;(D), then R > R;(D) implies R > I(X; X), and we can choose ¢ small enough
so that E[d(X?, X7)] < D + 6. This completes the proof. n

Before we leave this section, we formulate yet another representation for the rate distortion
function R(D) that captures quite well the main thrust of R(D) and is easy to understand
intuitively.

Definition 6.25 (Operational Rate Distortion) Let A = A, and define a D-ball in A"
with center yi as

Bp(yr) = {2 : d(a7,97) < D}.
Let N.(n,D) be the minimum number of D-balls covering A™ up to a set of probability
g, that is, the smallest N for which there exist yi'(1),...,y7"(IN) such that the set S, C
UN, Bp(y}(i)) satisfies

Pr{S,} >1—c¢.
Then define
log Ne(n, D
R.(n,D) = min M.
Sn: P(Sp)>1—¢ n
The following
Ro(D) = lim lim R.(n,D) (6.73)

e—0n—oo

defines the so—called operational rate-distortion.

We shall now argue that R(D) = Ro(D). As for the converse, let us consider e-achievable
codes (2" n, D), and let S,, be the set of 27 for which (6.64) holds. We sequentially encode
x! € S, by assigning to it the index of the closest 27 € S,, that is within distance D. The
other z7 are encoded arbitrary (e.g., we assign to them index w = 1). Clearly, the set S,
can be covered by 2" balls of radius D + §. But, N.(n, D) is the smallest number of balls
covering 1 — ¢ set, hence N.(n,D) < onhi=(D+8) “and therefore

log N.(n, D)
n

lim sup < R.(D),

n—oo

since R(D) is a continuous function of D. To obtain the achievability part, we construct a code
(2" n, D) with any R > Ro(D) that achieves asymptotically the distortion D. Actually, it
suffices to set #7 (i) = (i) (center of D-balls) for i = 1,...,2"% The encoder assigns z7 to
the closest y1 (i) = £} (i) such that d(z},2}) < D. Clearly, Pr{d(z},2}) < D} > 1 —e¢.

We just sketched the derivation of the following important result (cf. [78]).

Theorem 6.26 For memoryless sources and bounded distortion function

R(D) = Ro(D) = lim lim R.(n, D). (6.74)
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6.5 Applications

In this applications section, we discuss three problems involving entropy and AEP. At first, we
look at the typical depth in a suffix tree (see Section 6.5.1). This turns out to be equivalent
to the computation of the phrase length in the Wyner-Ziv [452] compression scheme, as
discussed in Section 1.2. We follow this path and extend the analysis to a lossy Lempel-
Ziv scheme. The next problem we tackle is more of interest to DNA recombination than to
data compression. We compare greedy and optimal algorithms that find the shortest common
superstring described Section 1.4. We prove that these algorithms are asymptotically optimal
(Section 6.5.2). Finally, we turn our attention to the fized database model of a lossy data
compression and estimate the compression ratio (Section 6.5.3).

6.5.1 Phrase Length in the Lempel-Ziv Scheme and Depth in a Suffix Tree

We start with a more general case, namely, a lossy extension of the Lempel-Ziv scheme, and
conclude with a lossless scheme. Let us assume that a mixing source MX (see Section 2.1)
emits a stationary mixing sequence {X}}xr>1. We also assume that the first n symbols, X7,
called the database or the training sequence, are revealed to the decoder and encoder. To
make the analysis a little more interesting, we actually postulate that the first n symbols
are coming from a distorted source, and we denote them as X{L Let P be the underlying
probability measure of X 1", and we shall postulate that {X k> Xk Je>1 1s a ¢-strongly mixing
process.

We consider now a string X9, generated by a ¢-mixing source with the underlying
probability P. For simplicity, we only consider binary alphabets A = A = {0,1} and the
Hamming distance as the distortion measure. Let D > 0 be fixed. Define two important
parameters:

Let Dy, be the largest K such that a prefix of X9, of length K is within distance

D from Xf*HK for some 1 <i <n— K + 1, that is, d(Xf*HK,X;’i{() < D;
and

For fized M < n, let D, (M) be the length K of the longest prefix of X3} for

which there exists M + K <i < n+ 1 such that d(X; 5, XM*+K) < D.

We observe that for D = 0 the phrase lengths D,, and D, (M) become the depth of insertion
and the Mth depth of a suffix tree built from X7 (see Definition 1.1 of Section 1.1).

To formulate the main result of this subsection, we recall the definition of the generalized
Shannon entropy 7o(D) with respect to measure P (see Definition 6.12)

oy i Brllog P (X))
(D) = - fim, =S

, (6.75)

where Ep is the average operator with respect to P.
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Theorem 6.27 (Luczak and Szpankowski, 1997) Let {Xkan}kzl be a p-strongly miz-
ing process. Let also 7o(D) > 0. Then

D, (M) . D, 1 -
li =1 = J—PxP 6.76
n0o logn ntoo logn  7o(D) (pr.) x (6.76)
provided
> Pr{Bj} =d(k) — 0, (6.77)
1>k

where By, is the set of bad states in the lossy AEP with respect to 7o(D) (see Theorem 6.13).
More precisely, for any e > 0

d

Proof. We establish separately an upper bound and a lower bound for D,. The quantity
D,,(M) can be treated in a similar manner. Throughout, we use the lossy AEP formulated
in Theorem 6.13 from which we know that the space A" can be divided into sets G and B;,
such that for 27 € G,

D, 1
logn  79(D)

‘ > 5} =0 (max{q/)(log n),d(logn), 12?/2 }) ) (6.78)

9=nfo(D)(1+e) < P(Bp(ah)) < 2~ "o(D)(1=), (6.79)

and P(B;) < . We start with the upper bound and use the first moment method (see
Chapter 3). Let Z,, be the number of positions 1 <4 < n —k + 1 such that the prefix of
Xgif is within distance D from X/ T%~1 that is,

Zy={1<i<n-—k+1: dX 1 X"TF) < D}

To find an upper bound we need to estimate the probability Pr{(D, > k} for k = (1 +
e)fg 1(D) log n. Surprisingly, there is a certain detail we have to take care of to get it right.
It turns out that {D,, > k} does not imply that there exists a position 7 in the database such
that Xﬁﬂ“ € Bp(XIT1). To see it, let us assume that d(XJ, w}) < D for a word wf € A™.
When we increase n, we might have d(X?H w?*!) < D as well as d(X7, w™!) > D for
I > 1. Roughly speaking, the set {n : d(X},w}) < D} does not consist of consecutive
integers, that is, it has gaps. The correct implication is as follows:

{Dnz2k} = 3eBicice-en dXL X)) <D (6.80)

Then

n—~0
PrD, 2k} < Y3 Pr{XIY € Bp(XH), Xt € 6%+ Y Pr{Bi/%)
>k i=1 >k
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n—~{
= Y3 Y PHXI e Bo(Xp), wi = Xph+ > Pr{B{*}
2k i=1 tege/? >k

n—~{
< S+ 2— -2 P2 L N prpe/%

0>k i=1 0>k

< pO2kro(D)(1-e/2) 4 Zpr{[’im},
>k

where C' > 0 is a constant. Set k = [(1 + ¢)7y (D) logn]. But >k Pr{BZ/Q} =0(k) =0
(e.g., Pr{B;} = O(1/k'*?) for some & > 0 suffices). Finally, we arrive at

Pr{D, > [(1+4¢)fy " (D)logn|} < + d(log n)

C
ne/2(1-e)

for some constant ¢ > 0. This completes the proof of the upper bound.
For the lower bound, we use the second moment method (see Chapter 3). Let k =
|(1 - e)ig (D) logn], and define

. >(i41)k+1 n
Zy=[{1<i<n/(k+g): dX{HH Xuih) < DY

and g = ©(logn) is a gap between |[n/(k + g)| = ©(n/logn) nonoverlapping substrings
of length k. In words, instead of looking at all strings of length k we consider only m =
In/(k + g)| strings with gaps of length g among them. These gaps are used to “weaken”
dependency between the substrings of length k. Observe now that

Pr{D, < k} < Pr{Z] =0},
as one can expect. Indeed, if Z), > 0 then by the definition D,, > k. Note also that

Pr{Z, =0} = Pr{Z,=0,X"TF e/} +Pr{z, =0,XxItF e B/?)
< S Pz, =0/ x2F = whiPr{wl € G/*} + Pr{B;/%}
w’fegz/g
S° PrZ,(w}) = 0yPr{w} € G/*} + Pr{B{*},

w’fegz/g

IN

where i
Zn(wh) = {1 <i<n/(k+g): dXNH wh) < DY,
and Pr{Z! (w}) = 0} = Pr{Z/, = 0|Xgif = wh'}. Thus, it is suffices to show that Pr{Z/ (w}) =

0} — 0 uniformly for all w € g,i/ ?. Hereafter, we assume that wh € QZ/ 2,
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Let now m = n/k = ©(n/logn). From the definition of the set 92/2 for every w} € 92/2

we have

. ns/2(1+5)
E[Z(w})] = mPr{Bp(uh)} > ma-toD)i+e/2) 5 1
logn
for a constant c. We now compute the variance Var[Z/, (w})] for w} € QZ/2. Let Z! = 1if w'f
occurs approximately at position i(k + g), otherwise Z¢ = 0. Certainly, Z/,(w}) = ", Zi,
and Var([Z],(w)] = X%, Var[Z)] + 1%, Y%, Cov[Z},, Z}]. Simple algebra reveals that

3" Var(Z}] < mE(Zi] = mPr{Bp(u})} = BIZ,(w})].
=1

To compute the second term in the sum above, we split it as >/, Cov[Z., Z]] = S1+Sa,
where

m

S = Z Z COV[Z:;uZ?]"L]a

i=1 ‘i_j‘gns/‘l

Sy = > > Cov[Z,Z]].

=1 |i—j|>ne/4
Observe that
Cov|Z!, 7)1 =Pr{ZZ) =1} — Pr{Z =1}Pr{Z) =1} <Pr{Z! =1} = E[Z'].

Hence Sy < 2n°/*E[Z! (w)].

On the other hand, proceeding as in the above and using the mixing condition we also have
Cov|Z%, ZJ] < (g)Pr{Z} = 1}Pr{Z} = 1} where g > n*/*. Thus, Sy < 2¢(g)(E?[Z} (w})].
Consequently, for every w} € g,‘j/ ? we have (e<1

e/4

, n logn
Pr{Z,(wf) =0) < m) <2¢(g) + O (%) :

<2Y(g) + O (

and finally we obtain
Pr{D, < [(1 —¢)y (D)logn|} — 0
as n — 0o, which completes the lower bound. |
Here is another interesting question: Can we extend convergence in probability of D,,/logn
in Theorem 6.27 to almost sure convergence? Observe that the rate of convergence in The-

orem 6.27 does not justify such an extension. We recall, however, that in Section 4.2.3 we
obtained such a generalization for the height H,, in a trie even when the rate of convergence
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was not good enough to apply the Borel-Cantelli lemma. But the height H, is a nonde-
creasing function of n, and this allows us to extend convergence in probability to almost sure
convergence. Clearly, D,, does not possess this property, and surprisingly enough we shall
prove that D,,/logn does not converge almost surely. Actually, this was an open problem
posed by Wyner and Ziv in [452] for the lossless case. It was answered in the negative by the
author in [411] (cf. also Ornstein and Weiss [333] for another formulation of this problem).

To further study the above problem, we need a definition of the generalized height H,,
and the generalized fill-up level F,.

The height H,, is equal to the largest K for which there exist 1 <i < j <n+1-K
such that d(X;_H'K,XJJ-_HK) < D;

and

The fill-up level F;, is the largest k such that for every wh € A there exists
1<i<n+1-ksuch that d(X "% wh) < D.

Observe now that F,, < D,, < H,,. If we show that F,,/logn and H,/logn converge (a.s.) to
different(!) constants, then we should expect D,,/logn oscillates between these two constants.
We shall prove this fact below.

Regarding F;,, we establish the following generalization of the result presented in Exer-
cise 4.10 of Chapter 4.

Theorem 6.28 (Luczak and Szpankowski, 1997) Let { X} }r>1 be a mizing process with
Y-mixing coefficients such that for every x > 0

glLrI;Og“a(g) = 0. (6.81)
Then P )
li = s. 82
nbo logn  r_o(D) (as.) (6:82)
for D > 0.

Proof. We start with an upper bound which is quite simple in this case. Let us define
Pmin(k) = min,, A {P(Bp(w}))}, where we assume that the underlying probability measure

of the source is P. By Theorem 6.13, pyin(k) < 2-kr—oo(D)(1=¢) " Observe that — unlike the
lossless case — by definition of F;, we have

(Fo>0 = FeVpreaSicicnris X w)) <D

Thus, in particular, Pr{F, > ¢} < (n+1) Y-, P(Bp(w®™)), where wi™™ is a word from A*
for which log(P(Bp(w™)) ~ —kr_oo(D). Hence, for £ = | (1 +&)r_L (D)logn| we have

Pr{s > ¢} <(n+1) mein(k) =0(1/n%) .
k>0
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The lower bound requires a bit more work. Let us set k = [(1 — )r_L (D)logn| and
consider a set of nonoverlapping substrings of X" of length k = O(logn) between which one
inserts gaps of length g = O(logn). Thus, there are m = |[(n + 1)/(k + g)] = O(n/logn)

(i+1)k+igym
substrings {X (k)11

wh € A one can find among these m substrings at least one which is within distance D from
w¥ and consequently F,, > k. Indeed, using mixing conditions we have

}m . We show that with probability tending to 1 as n — oo for every

Pr{F, <k} < Pr{ | ﬂ(X@,jjg’jjg wh)}
wheAk i=1

< Y (LHe(9)" (1= P(Bp(wi))™ < 25(1+4(9)™ (1 — prmin(k))™ .

wheAk
Taking into account (6.81) we immediately prove that
Pr{F, < |(1 —&)r=L (D)logn|} < O(exp(—n®/%/logn)),

which completes the proof of the convergence in probability of F,.

The rate of convergence for the upper bound does not yet justify applying the Borel-
Cantelli lemma. But, F), is a nondecreasing sequence of n; hence taking an exponentially
increasing skeleton such as n; = 2!, as we explained in Section 4.2.6, we obtain almost sure
convergence for the fill-up level. [ |

The height H,, is harder to handle. First of all, we formulate it for the lossless case. Its
proof follows the idea already presented in Section 4.2.6 so we ask the reader to prove it in
Exercise 23.

Theorem 6.29 (Szpankowski, 1993) Let {Xj}r>1 be a mizing process with y-mizing co-
efficients such that
> ¥(g) < o0

921
Then the height H,, in the lossless case (D = 0) satisfies

H, 2
Jim ogn T (a.s.) (6.83)

where hy is the first Rényi entropy.

A generalization of Theorem 6.29 to the lossy situation is not easy. One expects that
(6.83) becomes in lossy case
H, 2

li = .S.
o logn  r1(D) (a.s.)
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where 71 (D) is the first generalized Rényi entropy. This fact was proved only for memoryless
and Markovian sources by Arratia and Waterman [22]. The difficulty arises when analyzing
overlapping substrings. The reader is asked to prove it in Exercise 24 for memoryless sources.

Now, we are able to answer the question posed just after the proof of Theorem 6.27.
Does D,,/logn converge (a.s.) to a limit? We consider only the lossless case to simplify the
presentation. We shall show that
D 1 D 2

o= (a.s.) limsup —— = — (6.84)
h—o

n—oo logn hl

lim inf
n—oo logn

provided (6.81) holds. Indeed, D,, < H,, hence D,,/logn < H,/logn, and obviously

n

(a.s.).

lim sup < lim

n—oo 10g€MN n—00 10g n

We now show that the above holds with < replaced by >, which will complete the proof.

Note that almost surely D,, = H,, whenever H, 1 > H,, which happens infinitely often (i.o0.)

since Hy,, — oo (a.s.), and {X} }x>1 is an ergodic sequence. Therefore, Pr{D,, = H, i.0.} =1

implies that almost surely there exists a subsequence, say n, — oo, such that D, = H,,.
Thus

nig}noo Dy, /log ny = nl{)noo H,, /logn; (as.).

This implies that

n

lim sup > lim
n—oo logmn — n—oologn

(a.s.),

that is, limsup,,_, ., D/ logn = lim,, .o Hy/logn (a.s.), and by (6.83) this proves the lim sup
part of (6.84). In a similar manner we can prove the liminf part by using F,, and Theo-
rem 6.28. In Exercise 25 we ask if (6.84) can be extended to the lossy case.

6.5.2 Shortest Common Superstring Problem

We now turn our attention to the shortest common superstring problem that we described in
Section 1.4. To recall and to reestablish notation, there are n strings, say X{(1),..., X{(n)
of equal length ¢ — oo. These strings are generated by n independent memoryless sources.
Our goal is to construct the shortest superstring, where by a superstring we mean a string
that contains given strings X{(1),..., X}(n) as substrings. In fact, instead of minimizing the
superstring length we will maximize the overlap OSP* defined as the difference between n/¢
(the total length of all strings) and the shortest superstring (see Section 1.4). We compare
O%7* to an overlap Of' that is obtained by an application of a greedy algorithm to construct
a superstring. A class of greedy algorithms was also discussed in Section 1.4. Here we
concentrate on RGREEDY, which builds a superstring Z by finding the maximum overlap
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between (suffix of) Z and (prefixes of) those original strings that have not yet been used in
Z. We prove a surprising result showing that both O and Og' asymptotically grow like
%nlogn where h is the entropy rate of the source.

Before we formulate our findings, let us get some sense of the problem. As explained
in Section 1.4, to construct a superstring one takes a string, say X{(i1), and attaches to its
end another string, say X{ (i), trying to overlap the longest suffix of X{(i;) with the longest
common prefix of X{(i3). We continue this process until we exhaust the set of available
strings. This, of course, does not construct an optimal superstring, which would require us
to examine all n! possible permutations of X{(1),...,X{(n). In fact, the problem is NP-
hard (see Section 1.4 for a reduction to a Hamiltonian path problem). In the RGREEDY
algorithm we choose the first string, say X{(i;) arbitrary, but our next choice, say X{(is), is
such that its overlap with X{(i1) is the largest among all strings excluding X{(i;). And so on,
we choose in every step a remaining string that has the largest overlap with the superstring
built so far.

Let us define C{j to be the length of the longest suffix of X{(i) that is equal to the prefix

of X{(j) for 1 <i# j < n. We introduce

L) = ,
Dn(z) - 1§§2?‘3§#Z{CZJ} ’
Hy, = max{D; (i)} .

We should observe that C{j is distributed exactly as the alignment C;; introduced in Defini-
tion 1.2 (i.e., the longest common prefix of X (i) and X (j)). But then, D/ (i) is distributed
as the ith depth D, (i) in a trie built from X{(1),...X{(n). Therefore, we write D, (i) for
D) (i) for 1 < i < n. By Theorems 6.27 and 4.7 (see Section 4.2.3), we know that for any
e>0

lim Pr{(l—e)%lnngDn(i)g(1—|—5)llnn} _ 1—0(1/n) 1<i<n, (6.85)

n—oo h
2 2
lim Pr{(l ) ln < Hy < (1 —I—E)h—lnn} — 11— 0(1/n). (6.86)

To get an upper bound on OSP*, we observe that

OP* < 3" Dy (i).

=1

But with high probability (i.e., 1 — O(n~¢)) all but ne depths D, (i) are bounded by (1 +
5)%ln n. Those ne longer strings cannot have depths bigger than H,, hence their total
contribution to the above sum is bounded by O(nelnn). In summary, with high probability
(whp) for any € > 0

PrO < (1 + 5)%nln n} =1 —0(1/n%) (6.87)
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Can we establish a matching lower bound for O%P*? Definitely not, unless the lengths ¢
of strings are unbounded (indeed, take ¢ = 1 to see that OP* < n). If the original strings are
“long” enough, as specified below, then we prove the following main result.

Theorem 6.30 (Alexander, 1996; Frieze and Szpankowski, 1998) Consider the short-
est common superstring problem, in which n memoryless sources generate independent strings
X{(1),..., X{(n) over the alphabet A= {wr,...,wy} of size V =|A|. Then

owt 1 ogr 1

0o logn A’ (pr) n60 nlogn h (6.88)
provided
4
> h_l Inn (6.89)

where hy = —1In(p? + --- + p}) is the first order Rényi’s entropy and p; = Pr{Xy(i) = w:}
for1 <i<n.

Proof. Since O < O%* we need only establish a lower bound for the greedy algorithm.
We first justify (6.89). Let £ denote the event that there is no such pair, say i, j, where the
overlap between X{(i) and X{(5) is bigger than £/2. Since & occurs if and only if H,, < £/2,
we conclude from (6.83) that whp (i.e., 1 —O(n~¢) all overlaps are smaller than ¢/2 provided

(6.89) holds. In view of this, we split every string X{(i) into a prefix YIZ/ 2(z) and suffix

. . £/2 . .
Wf/QH(z) such that X{(i) = Yl/ (z)Wf/QH(z).

From the above, we conclude that a suffix of the superstring Z being constructed is
random and independent of the previous history of the algorithm. Having this in mind, let

us define for 1 < k < £/2
Nf)=H1<i<k: yi=w €A 1<t<V}

where A = {w1,...,wy}. In words, Ny(y¥) denotes the number of positions in y¥ that are
equal to the tth symbol of the alphabet. When k is large, we expect that Ny(yF) ~ kp;
since N;(y¥) is distributed as the Binomial(k,p;) := B(k,p;). Indeed, let us define the set of
typical sequences as

Gi={yi: Ni(y}) < (1 +e)kp, 1 <t <V}

From AEP we know that Pr{G;} > 1 —¢, but we need a stronger version of it. In particular,
we need to control the probability of Pr{B5} where B = A* — G£.

Recall that in Example 5.6 of Chapter 5 we proved the following bound on the tails of
the binomial distribution B = B(n,p) (cf. (5.40))

Pr{B < (1 —¢)np} _82”7’/3,

Pr{B > (1+¢)np}

(&

IN A

efsgnp/S'
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Thus ”
PriBi} = Pr{yf(i) ¢ Gi} < S e =h/3 = ¢, (6.90)
t=1

and 6 decays to zero for the following choice of € and &
1
e=(logn)™? and k= {(1 — QE)E lognJ

that we assume from now on. In other words, 2k — oo with n and
e MM < Pr{YF(i) =y} = P(yf) < e ™90 yi e Gi. (6.91)
As a side effect, we observe that whp

{i: yi (i) & Gi}| = o(en). (6.92)
Finally, for yf € G§ define

R(yy) = [{i: Y{() =7},
Then
|G e nPWh)/3

Vkeme" /3 = o(1) (6.93)

P{R(y}) < (1—e)nP(yf)} <
<

since R(y}) is distributed as B(n, P(y¥)) and nP(y¥) > n® due to (6.91).

To model the progress of RGREEDY, we build a trie 7, from Yf/ 2(1), ... ,Ylé/ 2(n) and
label every internal node v by v(v) that denotes the size of the subtree rooted at v. In other
words, if node v is at depth d and the path to v can be labeled as v = y1y2. .. yg, then v(v)
is the number of i such that y{(i) = y1y2 . ..ys. We sometimes write v(y{) instead of v(v).

We now make the trie 7,, a dynamic tree, by allowing random deletions leading to tries
Tn-1,...77. Let Wf/2 be an independent string. We delete from the trie 7, a string Yfﬂ(i)
that has the largest overlap with a suffix of Wf /2. After the deletion, we modify labels v(v)

along the path of Wf /2. The reader should observe that Wf /2 (¢) is a suffix of Z (i.e., it repre-
sents the second half of the string just added to the superstring Z at step i of RGREEDY).

Let r; be the length of the longest path along Wf/ 2(z) in the trie 7,_;11 when deleting
string Ylé/ 2(z) for 1 <i <n. We will show that whp

1
/<;1+/£2+~'+/£n2(1—55)Enlnn. (6.94)

The final argument goes as follows. We want to show that whp we will have x, > k for
1 <t <mng=[(1-3¢e)n], where k = (1 — 2¢)3 logn. Now, most of the time the k-suffix of
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Z lies in Gf,. Indeed, the probability it doesn’t is at most 6, which we prove in (6.90) to be
small. If the k-suffix of Z belongs to G and

v(yf) #0  forall yF € Gi, (6.95)

then x > k, where v(y¥) is the label of the node reached by y¥. We argue next that whp (6.95)
holds up to ng = [(1—3e)n]. If we consider a fixed y§ € Gf, then at this point the number of
decrements D(y¥) in v(y¥) (when deleting ng strings) is distributed as B(ng, P(y¥)). Hence,

using noP(yF) > (1 — 3e)n®, for y§ € GE we have

Pr{D(y¥) > (1 4+ e)noPyk)} < 2|Gile 132"/
= o(1).

So whp at this point v(yf) > n(1 — &) P(y}) — no(1 + €)P(y}) > 0 for every y} € Gi. Then
(6.94) follows and this completes the proof. n

In Exercise 26 we ask the reader to extend the above result to mixing models and in
Exercise 27 to other greedy algorithms discussed in Section 1.4.

In passing we should mention that the shortest common superstring is not a good com-
pression algorithm. We start with a description of the compression code based on the shortest
common superstring. Observe that instead of storing all n strings of total length nf we can
store the shortest common superstring and n pointers indicating the beginning of the original
strings (plus lengths of all strings). The compression ratio ¢, (understood as the ratio of the
number of bits needed to transmit the compression code to the length of the original set of
strings) is
nl — +nlogn + nlogy(nl — £nlogn)

nt
where the first term of the numerator represents the length of the shortest superstring and
the second term corresponds to the number of bits needed to encode the pointers. When
the length of a string ¢ grows faster than logn, then ¢, — 1 (i.e., no compression). When
¢ = O(log n) some compression might take place. The fact that SCS does not compress well
is hardly surprising: In the construction of SCS we do not use all available redundancy of
all strings (as in the Lempel-Ziv schemes) but only that contained in suffixes/prefixes of the

Cp —

original strings.

6.5.3 Fixed-Database Lossy Lempel-Ziv Algorithm

We wrap up this long chapter with a computation of the compression ratio for a lossy ex-

tension of the Lempel-Ziv algorithm in the fized database model. The reader is referred to
Section 1.2.1 for a more detailed description. Below we only sketch the model.

Let us assume that the encoder and the decoder have access to a common fixed database

A{I generated according to a Markovian source with distribution P. The source sequence X/



182  Elements of Information Theory

is emitted also by a Markovian source with distribution P. We assume that the database
sequence and the source sequence are independent, but one can extend this analysis to mixing
dependent sequences.

For fixed D > 0, the source sequence X{ is partitioned into II, = II,(X}) variable
length phrases Z%, Z2, ..., Z!" of respective lengths D}, ... DI, The first phrase Z' and
its length D!, are computed as

D! = max{k: dXT* L X <D, 1<i<n—k+1}
1 D}
zZ = Xim,
where d(-,-) is an additive distortion measure. This implies that the first phrase comprises

of the longest prefix of the input X{ that matches a substring in the database X{z within
distortion D or less. The string Z' recovered by the decoder is therefore given by

2 = XHhnt, (6.96)

1

Let now K, (m) = Y1, D¢ for some m > 1. Subsequent phrases are computed in a similar
manner, that is, the (m + 1)st phrase is defined as

>idk— Kn(m)+k .
DIt = max{k: dXPLXEIM) <D 1<i<n k1),
+1 K,(m)+Dr—1
zm = X :
Gm+l gDl

1

Observe that the source sequence is partitioned into IT,, as XM = Z1722... Z! while
the decoder recovers the string Z'Z2...Z"» that is within distortion D from XM. We
represent each Zi by a pointer ptr to the database and its length; hence its description cost
is logn + O(log L) bits. The total data compression code length is

Iy
0 (XT) = Zlogn + O(log L)).
i=1
Thus the bit rate is defined as

1L,

r(X7) = % > (logn +O(log L)) . (6.97)
=1

Our goal is to evaluate asymptotically 7,(Xi/) as n, M — oo. We shall prove that the
asymptotic average bit rate is equal to the generalized Shannon entropy 7¢(D) defined in
(6.75). For convenience we repeat the definition of 7o(D)

Ep[—log P(Bp(X}
7g(](D): lim P[ og ( D( 1))]’

n—00 n
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where Bp(z7) = {y?" : d(z7,y}) < D} is the ball of radius D and center z}. To see why
7o(D) appears as the limit of the bit rate, we recall that by Theorem 6.27 (in fact, by exactly
the same arguments that led to Theorem 6.27) for any e

Pr{(l—g)fo(lD) logn < D} < (1+¢) logn} _1_O(logn> (6.98)

nE

Fo(D)

for Markovian sources. (Indeed, for Markovian sources the 1(n) coefficients and §(n) defined
in (6.77) decay exponentially with n.)

Theorem 6.31 Let us consider the fized database model with the database X{‘ generated by
a Markovian source P and the source sequence XM emitted by a Markovian source P where
all transition probabilities of both Markovian sources are positive. The average bit rate attains
asymptotically

lim lim E[r,(XM)] = #(D), (6.99)

n—o0 M —oo

where E denotes the expectation with respect to P x p.

Proof. We start with an upper bound. Here we adopt the approach of Wyner and Ziv [454]
and its simplification proposed by Kontoyiannis [278]. Let us partition all phrases into “long”
phrases and “short” phrases. A phrase k is long if D! > (1 —¢)log n; otherwise it is a short
phrase. Let L£3; and Sps be the sets of long and short phrases, respectively. Observe that

M (7o(D)

N = < ——.
[Larl = (1 —¢)logn

(6.100)

Now we proceed as follows (c is a constant and £ > 0 is arbitrary small, which can change
from line to line):

1 , 1 .
(XM < i Z (logn—kclogD;)—f—M Z (logn + clog D))
€Ly €Sy
620 (14 &)fo(D) + N > L jog Di 4+ 2 > (logn + clog D},)
e)r c— —lo — ogn+clo
1€Lar i€SM

Jensen N N 1 . 1 .
< (1+4¢e)ry(D)+ i log (N Z sz) +t 7 Z (logn + clog Dy,)

1€L N i€Sm
N M 1 -
< (I+4¢)ro(D) + 37 log <N> + i Z (logn + clog D},)
1€Snpr
R cloglogn 1 ,
< 1 D —_— 4+ — 1 log D).
< (I+e)re(D)+ logn —I-MZ(ogn—l—cog )

1€Sm
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We now evaluate the expected value of the third term above. We shall write below f)}l for
a match (phrase) that may occur in any position. Observe that D! and D} have the same

distribution, that is, D} < D!,

|
1 . A
E| <7 > (logn+clogD)| < % logn E 2_: I(Dj, is short)}
1ESN i=1
<

M
C "'1 .
—logn E LEI I(D,, is short)]

1
< 1 Pri{D! <(1-2)——1
< clogn r{ . < ( g)fo(D) ogn}

(6.98) log2 n

where the third inequality above follows by considering not just all 2’s but all possible positions
on XM where a short match (i.e., D}) can occur. Thus
lim sup lim sup E[r,, (X{1)] < #o(D),
n—oo  M—oo
and this establishes the desired upper bound.

We now deal with the lower bound. Let H be the set of those phrases whose length is
not bigger than (1 + 5)%(1—]3) logn. Clearly

E[r, (X)) > %E l; log n] = %E[IHHlogn.

Thus it suffices to prove that

M(1—o0(1))

E[[H|] > #o(D) (1 +e)logn

(6.101)

to establish the desired lower bound. We start with the following fact: For any > 0 and all
n, we have
Pr{D! > n°} < nexp(—An®) (6.102)

where A > 0 is a positive constant. The above is a simple consequence of our previous
findings (see Sections 4.2.6 and 6.5.1). Nevertheless, the reader is asked to prove (6.102)
independently in Exercise 32. Let now H be the complementary set to H. We call phrases
in H as “very long.” Observe that

1
Fo(D)

M < [|H|

(I+¢)logn+ ZD;
ieH
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Taking the expectation of both sides of the above yields

1 , ,
M < E[|H\]$<D)(1+5)logn+E > Di+ > D,
0 {i: i€H& D}, <ns/2} {i: Di>n=/2}
(6.102),6=¢ /2 1 Mo
< E[|H|]- D (14¢)logn+n?-E ZI(D; is very long)
7o(D) i=1
M
) €/2
+ nE lz I(D; >n )]
i=1
1
< EHHHfo(D) (1+¢)logn
+ ns/2 MPr {D}I > (1+¢)= D) logn} +nMPr{D} > n/?}
7o
(6.98) & (6.102) 1 I e
< B{H)) =55 (1 + <) 1ogn+M2§/Z + n2Me A,
Hence (6.101) follows and Theorem 6.31 is proved. ]

6.6 Extensions and Exercises

6.1 Consider a discrete random variable, X, defined over a finite set A. Prove that the
average number of bits, L, required to represent such a random variable satisfies the
following inequality:

h(X)<L<h(X)+1.

6.2 Prove or disprove that h(X|Y') = h(Y|X). What about A(X)—h(X|Y) = (Y )—h(Y|X)?

6.3 Prove Theorem 6.2.
6.4 Let Y = g(X) where g is a measurable function. Prove

e h(g(X)) < h(X);
e h(Y|X) =0.

6.5 Random variables X,Y, Z form a Markov chain in that order (denoted X — Y — Z) if
the conditional distribution of Z depends on Y and is independent of X, that is,

Pr{X =2Y=yZ=z2} =Pr{X =z}P{Y =y|X =2}Pr{Z =z2|Y =y}
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for all possible x,y, z. Prove the data processing inequality that states
I(X;Y) > I(X;2)
if X —-Y —Z.

6.6 Consider a probability vector p = (p1,...,p,) such that >-7* ; p; = 1. What distribution
p minimizes the entropy h(p)?

6.7 (Log Sum Inequality) (i) Prove that for non-negative numbers ay,...,a, and by,...,b,
n n n
a; D i G
a;log — > a; | log ==
3 otony > (£ ) e B2

with equality if and only if §* = const.

(ii) Deduce form (i) that for py,...,p, and qi,...,q, such that > 1 p; =Y ¢ =1

we have
i 1 " 1
> pilog— > pilog —,
i=1 K- pi
that is,

“ 1 - 1
miani log — = Zpi log —.
= - pi

(iii) Show that the following extension of (ii) is not true

n 1 n 1
> i log | = Y- [1og |
i=1 a4 i=1 pi

where [z] is the smallest integer greater equal than x.

6.8 This is the problem considered by Alon and Orlitsky [10]. Let X be a discrete random
variable over a finite set \A. A binary encoding ¢ : A — {0,1}* is an injection to the
set of finite binary strings. Let £(X) be the minimum expected length of the encoding
¢ of X (the encoding ¢ is not necessarily prefix free!). Prove that

0(X) < h(X) (Wyner)
h(X) —loglog(JA| +1) < {(X) (Dunham).

6.9 Provide details of the proof of Theorem 6.10.
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6.10 Prove Lemma 6.11. Furthermore, prove the following representation for the divergence
rate D(P || P¥) (cf. [180)).

Lemma 6.32 Let {Xj}r>1 be a source described by process distributions P and pP*,
where P is stationary and P* is a kth order stationary Markov process. Then forn > k

D(P | P*) = lim Dpypr(Xo|X-1,...,X n)
= —hp(X) — Epllog P*(Xx| X571

6.11 A Using Lemma 6.32 established in Exercise 10 above, prove the following Markov
approximation of a stationary distribution (cf. [75, 180] and Section 4.2.1).

Theorem 6.33 (Markov Approximation) Let {X}}i>1 be a stationary process with
distribution P. Define the kth order Markov approximation as

Pr(ay) = P(at) [] Plail X[ = 2i73).
i=k
Then
lim D(P || P¥) =o0.

k—oo

6.12 Prove Part (i) of Theorem 6.13 for b < 0.

6.13 Prove the stronger version of Theorem 6.20 in which the average probability of error Pg
is replaced by the maximal probability of error Pyax = max; Pr{x(Y7") # ¢|W = i}.

6.14 A (Strassen, 1962) Let X{* be generated by a memoryless source P. Define M.(n) as
the minimum cardinality of sets A € A™ with P(A) > 1 — . Prove that (cf. Strassen
[400])

log M.(n) = nh(P) + \/nVar[— log P(X1)|\ — %logn +O(1)

where A is a solution of ®(\) = 1 — ¢ with ® being the distribution of the standard
normal distribution.

6.15 (Barron, 1985) Let L(X{) be the length of a fixed-to-variable codeword satisfying the
Kraft inequality, where X' is generated by a stationary ergodic source. Prove that for
any sequence ¢y, of positive constants with ), 27 < oo the following holds

Pr{L(X7) < —log P(X{) —cp} <27,
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and conclude that
L(X{) > —log P(X]) —cn (as).

6.16 (Kontoyiannis, 1997) Under the assumption of the previous exercise with X]' generated
by a Markov source, show that there is a sequence of random variables Z,, such that
L(XT) —nh
L(X{) —nh > Z, (as)
vn

where ZniN(O, 0?) and 0? = Var[—log P(X1)] (also known as the “minimal coding
variance”).

6.17 Consider a binary symmetric channel in which the binary input {0, 1} is transformed
into the binary output {0,1} such that P(Y =0(X =0)=PY =1X=1)=1—-p
and P(Y = 0/X =1) = P(Y = 1/X = 0) = p. Prove that the capacity C' of such a
channel is
C=1-h(p)=1+plogp+ (1 —p)log(l —p).

6.18 Consider a binary erasure channel that transmits the binary input {0, 1} into a ternary
alphabet {0,1,e} where e means that a symbol is erased. Let P(Y = 0|X = 0) =
PY=1X=1=1-aand P(Y =¢/X =1)=P(Y =e|X =0) = a. Prove that

C=1-a.

6.19 A (Wolfowitz, 1961) (i) Consider the channel coding problem, and let N.(n) be the
maximum number of messages that can be reliably sent (i.e., the probability of error
P < €). Prove that (cf. [400, 449])

exp(nC — Kv/n) < Ne(n) < exp(nC + K+/n)

for a constant K > 0 and c is the channel capacity.

(ii) Find an asymptotic expansion of N.(n).

6.20 Consider a Bernoulli(p) source. For the Hamming distance, prove that the rate distor-
tion function is

~J hp)— (D) 0<D <min{p,1—p}
R(D) = { 0 otherwise

where h(z) = —xlogz — (1 —z)log(l —z) for 0 <z < 1.
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6.21 Prove Theorem 6.23.

6.22 W Prove that R;(D) = Ro(D) without using the random coding technique.

6.23 A (Szpankowski, 1993) Using the analysis from Section 4.2.6 prove Theorem 6.29 (cf.
[411, 412)).

6.24 A(Arratia and Waterman, 1989) Consider the generalized height H,, in a lossy situation
as defined in Section 6.5.1. For a memoryless source prove that
H, 2

li = 8.
60 logn  ri(D) (as.)

where 71(D) is the first generalized Rényi’s entropy. This is a difficult problem.

6.25 W Consider a lossy extension of the Lempel-Ziv scheme as discussed in Section 6.5.1.
Can we generalize (6.84) to the lossy case, that is, is the following true:
D,(D) 1 D, (D) 2

lim inf == = (a.s.) lim sup = .
n—oo  logn T—oo(D) n—oo logm r1(D)

6.26 A Consider the shortest common superstring problem as in Section 6.5.2 but with
mixing sources, that is, the strings X(1),...,X(n) are generated by n independent
mixing sources. Extend Theorem 6.30 to this situation; prove the following.

Theorem 6.34 (Frieze and Szpankowski, 1998) Consider the shortest common su-
perstring problem under the mixing model. Then (whp )
O%pt 1 oy 1

li = — . li =
nLrgo nlogn h (pr ) nggo nlogn h

provided

4
| X (7)] > —logn
hi

for all 1 < ¢ < n where hy is the Rényi’s entropy of order one.

6.27 A(Frieze and Szpankowski, 1998) Extend Theorem 6.30 for the shortest common super-
string problem to other greedy algorithms discussed in Section 1.4, namely, GREEDY
and MGREEDY.
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6.28 A (Kontoyiannis, 1999) Let P* be the probability mass function that achieves infimum
in Definition 6.22 (cf. (6.68)) of the information rate distortion function R(D). As
before, we write Bp(X7) for the distortion-ball of all strings of length n that are within
distortion D from the center X7'. Using the Géartner-Ellis Theorem 5.21 prove that

1o, —log P*(Bo (X))

n—00 n

= R(D) (a.s.).

6.29 A Consider the lossless fixed database model where Y{" is database and X{ the source
string. Both sequences are generated independently by a mixing source P. Let, as

before, Z! = X{j}1 be the first phrase. Define C(X]") to be the set of all possible
Z'. Tt is also called the complete prefir set. Observe that it can be easily generated
from the suffix tree of Y{". Indeed, C(X7) is the set of all depths of insertion. The
following lemma of Yang and Kieffer [438] is very useful in the analysis of lossless data
compression. The reader is asked to prove it.

Lemma 6.35 (Yang and Kieffer, 1997) Assume that the source sequence {Xj}r>1
is strongly mizing with summable mizing coefficients. Then for any string 2§ € A* with
k<n .

Pr{3ick : a1 € C(XT)} < (n—k+1)P(x)

where ¢ is a constant.

6.30 A Consider the waiting time Ny defined as follows:
The waiting time Ny is the smallest N > 2¢ such that d(X{, XY _,,) < D.

Alternatively, in the fixed database model, let {Xj}r>1 be a source sequence and
(...,Y_5,Y_y)bean independent database sequence. Then Ny is defined as the smallest
i > ¢ such that d(Y /771, X{™1) < D. Prove the following results.

Theorem 6.36 (Luczak and Szpankowski, 1997; Yang and Kieffer, 1998) Let
{ Xk }i>1 and {Yi}k>1 be a strongly mizing sequence with summable mizing coefficients.

The following holds
. log Ny
lim =
{—00 l

ro(D) (a.s.)

where ro(D) is the generalized Shannon entropy.
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6.31 W Consider the kth phrase length DF in the fixed database model of Section 6.5.3.
Prove that for all k£ <n
DF 1

li = .
60 logn  7o(D) (pr),

but D¥ /logn does not converge almost surely when k — oo.
6.32 A Prove (6.102) from Section 6.5.3; that is, for any 6 > 0 and for all n > 1
Pr{D} > n’} < nexp(—An?)
where D] is the length of the first phrase and A is a positive constant.

6.33 Consider the longest phrase maxij<;< D! in the fixed database loss Lempel-Ziv
g <i<M Ly y
model. Is it true that whp

max D) —

1<i<M 7(D) logn

where 7#(D) is related to the generalized Rényi’s entropy of order one? (For a related
problem see Ziv and Merhav [462].)

6.34 A Extend Theorem 6.31 to almost sure convergence; that is,

lim lim r,(XM) =7#(D) (as.)

n—o0 M —oo

6.35 W Consider the lossy extension of the Lempel-Ziv’78 algorithm and the lossy growing
database model. What is the asymptotic bit rate r,,(X7) in these cases? Observe that,
when finding the next phrase, the comparison is made to a distorted database whose
distribution is unknown.
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Chapter 7

Generating Functions

Summary: Generating functions are one of the most popular analytic tools in the analysis of
algorithms and combinatorics. They are helpful in establishing exact and recurrence formulas,
deriving averages, variances, and other statistical properties, finding asymptotic expansions,
showing unimodality and convexity, and proving combinatorial identities. In this chapter, we
present the formal power series approach and analytic theory of ordinary generating functions,
exponential generating functions, probability generating functions, and Dirichlet series. In
particular, we construct generating functions for some popular combinatorial structures. In
the applications section, we present a fairly general approach to certain recurrence equations
arising in the analysis of digital trees, and derive generating functions of the number of
pattern occurrences in a random text.

HE GENERATING FUNCTION of a sequence {ay}n>0 (e.g., representing the size of
objects belonging to a certain class) is defined as

A(z) = Z anz",
n>0
where the meaning of z is explained below. In the formal power series we assume that A(z)
is an algebraic object; more precisely, the set of such formal power series forms a ring. In
this case, z does not have any value, but one can identify the coefficient at 2. Moreover, we
can manipulate formal power series to discover new identities, and establish recurrences and
exact formulas for the coefficients. Convergence of A(z) is not an issue.

In analytic theory of generating functions, we assume that z is a complex number, and
the issue of convergence is a pivotal one. In fact, singularity points of A(z) (i.e., points where
A(z) is not defined) determine asymptotics of the coefficients. We study asymptotic methods
in the next chapter.

We can define other generating functions. For example, the exponential generating func-

195
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tion a
A(z) = Z ;T!Lz"
n>0
is very popular (e.g., when studying labeled combinatorial structures as we do in Section 7.2).
An exotic one is the tree-like generating function defined as

nnfl
A(z) = Z an——2"
=

that finds myriad applications in analysis of algorithms, coding theory, combinatorics, and
information theory. We discuss its applications in this and the forthcoming chapters.

In some situations (e.g., enumeration problems), a combinatorial view on generating func-
tions is more convenient. Let S be a set of objects (e.g., words, apples, numbers, graphs),
and let « € S. We write w(a) for a weight function that we interpret here as the size of «;
that is, w(«) = |a|. Define the counting generating function A(z) as

A(z) = Z Z0(@),

a€eS

Certainly, this definition is equivalent to the previous one if one sets a, to be the number
of objects « satisfying w(«) = n. This approach is quite useful in studying combinatorial
properties of objects (e.g., the number of connected components in a graph, the number of
rooted trees).

This chapter is the first one in the final part of this book, and it is devoted to analytic
methods. We shall discuss formal power series and analytic theory of ordinary generating
functions, exponential generating functions, probability generating functions, and Dirichlet
series. In particular, we construct generating functions for a class of combinatorial struc-
tures, explain the Lagrange formula, and discuss the Borel transform and the Perron-Mellin
summation formula. We illustrate our discussion with several examples and three major ap-
plications. First, we show how exponential generating functions can be used to solve exactly
a certain class of recurrences arising in the analysis of digital trees. Then we consider a
given string, called a pattern, and ask how many times it can occur (overlapping allowed) in
a random string called the text. Finally, we use the theory of Dirichlet series to derive the
total number of 1-digits in the binary representations of 1,2,...,n.

There are a number of books dealing with generating functions. Generating functions in
combinatorics are thoroughly discussed in Comtet [71], Goulden and Jackson [178], Stanley
[397], and WIilf [447]. Applications of generating functions to discrete mathematics and
analysis of algorithms can be found in Sedgewick and Flajolet [383] and Graham, Knuth and
Patashnik [169].
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7.1 Ordinary Generating Functions

We shall discuss below elementary properties of ordinary generating functions (in short:
OGF). In particular, we show how to manipulate formal power series, and how to apply
them to study combinatorial objects, and present elements of analytic theory of generating
functions.

7.1.1 Formal Power Series

Define for a sequence {a,}>2, an algebraic object

A(z) = Z anz"

n>0
that we also write as
{an}y” «— A(2).

It is convenient to introduce another notation, namely,
[2"A(2) = ay,

which extracts the coefficient of A(z) at 2™. In the formal power series approach there is no
restriction on the domain of variation of z, and the series is not required to be convergent.
In fact, we look at A(z) (or simply A) as an algebraic object. The set of formal power
series with standard addition and multiplication operations forms a ring K[z]. We recall that
multiplication of A and B is defined as

o0

{Zakzbn—kz} . «— AB
k=0

0

With respect to multiplication, the ring K[z] is a commutative semigroup with neutral ele-
ment 1+ 32,51 0-2" = 1. The reciprocal of series A is 1/A understood as
A-(1/A) =1
provided ag # 0. For example, (1 — z) is reciprocal to A =}, - 2" since
(1-2)1+z+224+-) =1

We denote by 1/(1 — z) the series A = )", ~72". We must underline that 1/(1 — z) does not
have any analytical meaning in the formal power series theory; it is just a name of the power
series generated by {1}5°. We know, however, that 1= = S0 2 for [z| < 1, but for this
to make sense we need the analytic theory of generating functions that is discussed in the
sequel.
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Table 7.1: BASIC PROPERTIES OF FORMAL POWER SERIES

Let {a,}22 be a sequence and A(z) (or simply A), its ordinary generating functions understood
as a formal power series, that is, {a,}5° «— A. Let zD be a formal derivative operator
multiplied by z, that is,

(zD)A — {nay}s°.

The following relationships hold:

{an}” +{bn}s" «— A+ B, (7.1)
z) —ag— - — ap_12"71

{ansi ) AB) G (7.2)

{nka,}3° «—— (2D)*A, (7.3)

{1}5° «— A= 112, (7.4)

{ Z an, "-ank} — Ak (7.5)

ni+-+nEg=n 0

{Z%} — (7.6)
=0

0

We can define other operations and manipulation rules on the ring K[z]. The derivative
DA(z) of A(z), also denoted as A'(z), is

DA(z) = Z na,z""1.

n>0

The integration of A(z) is

o an—1
A(t)dt = ———
/0 ()t = 3" 2=t

n>1

Some manipulation rules are presented in Table 7.1. Rules (7.1)—(7.6) are easy to derive and
left as a warmup exercise. For example, (7.6) is a consequence of our definition (7.4) and the
multiplication rule.

Example 7.1 Power Series of Harmonic Numbers
Let H, =1+ % 4+ -4 % be the nth harmonic number. What is the formal power series
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of H,? By Rule (7.6) it is A(z)/(1 — z), where

Observe that the derivative DA = 1/(1 — z), so that
A=D7H1/(1 - 2)),
where D~! is the inverse operator to D. It is convenient to give a name for such a power

series. We shall see later that a good name is

1

D (1/(1 = 2)) :=log T

Thus
1 1

o0
H,2" = 1 .
nz::l T P

In fact, the reader may verify below identities that follow directly from the above and Rule
(7.6)

V0 2o/ —2) = S S M
n=1 k=1

/(1= 2)log(1/(1 - 2)) + 1/(1 = 2)2 = S (n+ 1) Hyp12"
n=0

Comparing these two expressions, we can obtain the following
n
> Hy=(m+1)Hp —n—1.
k=1

Example 7.2 Ordered Partition of an Integer

Let fx(n) be the number of ways that the nonnegative number n can be partitioned as
an ordered sum of k nonnegative integers. For example: f2(3) =4 since 3=34+0=2+1=
1+ 2 =0+ 3. Observe that

hence by Rule (7.5) we have
> fu(n)2" =1/(1 - 2)~.
n=0

We shall need analytic theory of generating functions to recover fi(n) from the above. O
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7.1.2 Combinatorial Calculus

As we mentioned before, generating functions are often used in the enumeration of combinato-
rial structures. This is known as combinatorial calculus. In such enumerations, it is desirable
to introduce classes of combinatorial objects. There are excellent books dealing with such
problems (e.g., Flajolet and Sedgewick [149], Goulden and Jackson [178] and Stanley [397]),
so we restrict our discussion to the two simplest cases and a few examples. We shall follow
here the presentation of Flajolet and Sedgewick [149].  Let A be a class of combinatorial
objects (e.g., set of binary trees, strings, graphs). If A is a set of words, then we often call it
a language. The associated generating function is defined as

A(z) = 3 2, (7.7)

acA

where |a] is the size of the object . Let now B be another class. We can combine A and B
into a new class. We define “disjoint union” denoted as A + B that gives the class consisting
of disjoint copies of the members of A and B. We can also define a “Cartesian product”
denoted as A x B that produces a class of ordered pairs of objects, one from A and the other
from B. It is easy to see that

C=A+B «— C(C(z2)=A(2)+ B(z), (7.
C=AxB «— C(C(z)=A(2)B(). (7.9)

o o
=

For example, to prove (7.9) we argue as follows

Clz)= Y =35 2lltbl = A2)B(2).

YEAXB acApeB

The reader may wonder why we complicate the matter and use generating functions in
the enumeration problems. The reason is that generating functions are very successful in the
enumeration. And, they are successful because in (7.7) we deal with all objects belonging to a
class A and do not need to worry about boundary effects of the size n. For example, consider
all binary strings without two consecutive 1’s (see Example 4). If we restrict the analysis
to strings of length n, then we must worry about the bits at the end of the string. (This
becomes more complicated when the avoidable pattern is more complicated.) By considering
the whole set of all binary strings without consecutive 1’s, the enumeration is as simple as in
the example below.

Example 7.3 Enumeration of Strings
Let A be the set of all binary strings with no two consecutive 1 bits. Such strings are
either an object of size zero that we denote as €, or a single 1 or a recursive (composed) object
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consisting of 0 or 10 followed by a string with no two consecutive 1 bits (hence belonging to
A). In other words, the class A can be written formally as

A=e+ {1} +{0,10} x A.
By (7.8) and (7.9), the above immediately translates into
A(z) =1+ 24 (z+ 22)A(2).

Example 7.4 Enumeration of Binary Trees
Let B be the class of (unlabeled) binary trees that are either empty or consist of a root
and a left binary tree and a right binary tree. In symbolic calculus

B =¢+ {node} x Bx B

which translates into
B(z) =14 zB?(2).

Example 7.5 Partitions of Integers

We consider now a somewhat more sophisticated problem. As in Example 2, we partition
the integer n into an unlimited number of terms, but this time we ignore the order. In other
words, we assume

n=mn;+ne+---, subjectto 1<n;<ny<---

Let p, be the number of such solutions. For example, py = 5 sinced =1+14+1+1=
1+414+2=143=2+2=4. To find p,, we represent the class P of all partitions for all n
as a Cartesian product of simpler sets. Define {i*} as

that is, {¢*} is a set consisting of all finite repetitions of ¢ (including the zeroth repetition).
Clearly,

P {17 x {2} x -
For example, the partition 14142 = 4 takes the third element from {1*}, the second element

from {2*}, and the first element from all others. If I;(z) denotes the generating function of
{i*}, then

Ii(z2) = i 2" =1/(1-2Y,
n=0

and therefore

x x 1
P(z) = anz" = H -
n=0 (1 —z )

=1
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Now, once we know the formula we can find an even easier derivation. Observe that n
can also be represented as
n=1ny+2no+---+nn,

where n; is the number of i’s in the partitions. Then

o0

io:pnzn = Z Z lni+2na+-+4nn,
n=0

n=0 1Ini+2no+---+nnn=n
= (I4z+224) - Q+224+20+ ) (42 +2%+)

b 1

To see the above, we just apply the rule of formal power series multiplication that yields
(o]

Z ﬁ a; — f[ Ai(z),

ki1+ko+..=ni=1 0

where
{ai,k}iozo —  Ai(2).
Setting A;(z) = 1/(1 — z*), we prove the above identity.
This latter approach is quite useful in some situations. For example, in Section 3.3.3 we
used (3.24), which we repeat here

o0

Sy e (S

|
m=0n1+2n9+--mnm,=m nyinag:

to prove the result of Karlin and Ost (see Theorem 3.8). We delayed the proof of (3.24),
and now are are ready to derive it. We use the same approach as above. Starting from the
right-hand side we have

00 2 2 3,.3 2 .21 3,.31
A cix cjx i, az cjx
exp <chﬂc> = <1+clx+ o1 + i + ) <1+ch + o1 + 3l +
o0 prt2netmng, 0
= > > o 1L
m=0n1+2ng9+--mnm,=m 1162 =1
o0 m m

=22

m=0n1+2ng9+--mnm,=m

'ch.

n1'n2 =1

This proves the desired identity. O
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7.1.3 Elements of Analytic Theory

In the formal theory of power series, we viewed the ordinary generating function A(z) as an
algebraic element and z is added for a convenience. Convergence of the series was not an
issue. If, however, the power series converges to an analytic function, then we may use a
whole machinery of the theory of analytic functions to find analytic information about A(z).
In particular, such information can be used to obtain asymptotic expansion of the coefficients
(see Chapter 8).

The first problem we face is to see under what conditions the series

A(z) = Z anz"
n=0

converges for z complex. Fortunately, following Hadamard we can give a fairly complete
answer to this question.

Theorem 7.1 (Hadamard) There exists a number 0 < R < co such that the series A(z)
converges for |z| < R and diverges for |z| > R. The radius of convergence R can be expressed

as 1
R:

(7.10)

lim sup,,_, \an‘% ’

where by convention 1/0 = oo and 1/00 = 0. The function A(z) is analytic for |z| < R.

Proof. The cases R = 0 and R = oo are left to the reader. Let 0 < R < oo and |z| < R. We
prove that the series A(z) converges. Choose £ > 0 such that

2| <

1+eR’

By definition of lim sup, there exists N such that for all n > N we have from (7.10)
1 -1
lap|m” < R™" +e.

Thus "
janll2" < (]2/(R™ +2))" <a

for o < 1. The series converges absolutely for |z| < R.
To prove the second part of the theorem, let now |z| > R. We show that then a,z" /4 0,
hence the series cannot converge. Let for € > 0

0=|z/R—ez|
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Since |z| > R we can choose € > 0 such that § > 1. But by (7.10) and the definition of
lim sup for infinitely many n we have

|an|% >Rt —¢,

hence for infinitely many n
anll]" > (B!~ e)z\” =9,
which increases exponentially. This completes the proof. |

Hadamard’s theorem sheds light on asymptotics of the coefficients a,,. We will devote
Chapter 8 to this problem. Here we only observe that Hadamard’s theorem tells us what is
happening with A(z) for |z| < R and |z| > R, but nothing about |z| = R. Really? In fact,
from the theorem we should conclude that the function A(z) has at least one singularity (a
point where the function ceases to be well defined) on the circle |z| = R. To see this, we
argue by contradiction. If there is no singularity on |z| = R, then we can cover it with a
finite number of disks (by the Heine-Borel theorem) on which A(z) is analytic. This would
imply that A(z) converges in a larger disk |z| < R + ¢, which is the desired contradiction.

So far we were concerned with the calculation of generating functions from their coeffi-
cients. But often we need to find the coefficients knowing the generating function. One way
to solve this problem is to have a list of generating functions together with their correspond-
ing coefficients and find [2"]A(z) by inspection. In Table 7.2 we list some classic generating
functions. We illustrate their usage on several examples.

Example 7.6 A Simple Recurrence
We start with a simple recurrence. Let

Gn+1 = 2an, +n, n >0,

with ag = 1. Multiplying both sides by 2™ and summing over all n > 0, we obtain by (7.2)
and (7.3)

A(z) —1 z
2T 94 s
z (2) + (1—2)%’
which can be solved to yield
1 — 22+ 222
A =
(2) 11— 2)2(1—22)
2 1

1-22 (1—2)?2

The last line is a partial fraction expansion of the first line. By Entry 1 of Table 7.2 we
immediately obtain
a, =2"""—n-1



205 Generating Functions

Table 7.2: CLASSIC GENERATING FUNCTIONS

1

1. Binomial coefficients

l—z—uz

2k

(1—z)k+1

1

(1—z)k+1

(1+2)”

2. Bernoulli numbers (z%
e*—1)

3. Catalan numbers 1= 3;4’3
. 1

4. Reciprocals In =

5. Harmonic numbers le In le
6. Fibonacci numbers S
—Z—Z

7. Tree function 2eT(?) = T'(2)
8. Stirling numbers of the first kind (1_1 m
z)

uu+1)---(u+n-—1)

9. Stirling numbers of the second kind eule®=1)

(e =1y

2k
(1-2)(1—22)-(1—kz)

n k2"
> et
n,k>0

n! Zkzn {ﬁ}zk_]:

ngo {k}zn
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for all n > 0.

Example 7.7 Enumeration of Unlabeled Trees — Catalan Numbers
In Example 4 we proved that the ordinary generating function, B(z), of the number of
unlabeled binary trees satisfies B(z) — 1 = zB?(z). It can be solved to yield

1—+1—-14z
2z '

Let us now find [2"]B(z), that is, the nth Catalan number. We shall prove that

p—C)

Observe that by the binomial series (see Table 7.2) we have

1 1
zB(z) = ~3 > <721> (—42)".

n>1

B(z) =

Extracting coefficients of both sides of the above, we obtain

n — _1 % _1\n+1
B(:) = —; (-4)

n+1
133D G- medy
2 (n+1)!
_1-3-5---(2n—1)2"
B (n+1)!
B 1 1-3:5---(2n—1)2-4-6---2n
 on+1 n! 1-2-3---n

B 1 2n
- n+4+1\n )

Example 7.8 Stirling Numbers of the Second Kind

Let us enumerate the number of set partitions (i.e., a collection of nonempty pairwise
disjoint subsets whose union is the original set) of the set [n] := {1,2,...,n} into k subsets
known also as classes. For example, the set [3] is partitioned into k = 2 classes as follows:

B] = {{13{2,3}: {1, 31{2}; {1, 2}{3}}.

This number is known as the Stirling number of the second kind, and it is denoted as {7 }.
We first find a recurrence on it, and then derive an explicit formula.
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Let us start with a recurrence on {}'}. The set of partitions of [n] into k classes can be
split into two groups: In the first group, you will have all partitions in which n is in a separate
class itself, that is, we have a subset of the form {n}. The second group contains all other
partitions. It is easy to notice that the number of partitions in the first group is {Zj} So
it remains to enumerate the second group.

Observe that the second group is empty for £ = n and for k < n it contains all partitions
of [n] in which the element 7 is not listed separately but together with other elements. Let
us now delete n from all such partitions. We definitely obtain a partition of [n — 1] into k
classes, but some classes will be repeated. Which ones and how many of them? Since we
have k classes, and n could appear in any of them, after the deletion of n we will end up with
k copies of the same class. Thus, the second group contains k{”;l} partitions. This proves
the following recurrence

n n—1 n—1
{k}_{k—l}—i—k{ 2 } (n, k) #(0,0). (7.11)

We also postulate that {8} =1and {{} =0 for n # 0.
To find the generating function

Sk(z) = Z {Z}z”

n>k

and an explicit formula for {Z}, we proceed as in the previous examples. The recurrence
(7.11) translates into
Sk(2) = 2Sk-1(2) + kzSk(2)

for k > 1 and Sp(z) = 1. Thus,

z

Sk(z) = 1—kz

Sk-1(2),

and finally

n| , 2
Sk(2) = Z{k}z T A-2)(1-22)-(1—kz)

n>k

which is Entry 9 of Table 7.2.
Now we find an explicit formula for {}'} = [2"]Sk(z). As before, we need a partial
fractional expansion that looks like this:
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After multiplying both sides by (1 —rz) and evaluating at z = 1/r we obtain
k—1
r
S —
a =) T =

In view of this, we immediately find

n n P
{k} = Plaga= i

which is not much simpler than the recurrence itself. O

7.1.4 Generating Functions Over an Arithmetic Progression

Finally, we deal with the following problem: How to compute sums over an arithmetic pro-
gression (e.g., Yx> (31)2%%). In general, let A(z) be the ordinary generating function of a
sequence a,, and for fixed r define

[e.e]
Ar(z) = Z apz" = Z a2
k=0

n=rk, k>0

Can we estimate A, (z) knowing A(z)? We can, and here is how it works. Let w” =1 be the
rth root of unity. There are r such roots that we denote as wy for k =0,1,...,r — 1. In fact,
wy, = €™/ Observe that for r not dividing n (i.e., r fn) we have

1 r—1 1 r—1 ) 11— 2min
" Z wz = Z e(Qﬂ—an)/T = (imn)/r =0.
T T rl—e
If r|n, then wi =1 for all k =0,1,...,r — 1. In summary,
1 n_ ) 1 ifrn
r wglw - { 0 otherwise. (7.12)

This immediately implies

r—1
A(z) = % S Alwy). (7.13)
k=0
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Example 7.9 A Combinatorial Sum
We will find

Since R,, = A3(—1), we obtain

1
As(=1) = 3 (A(2) + Azwr) + A(ewz)) |,y

1

= (A -w)"+ {1 -w)")

o 1((3-V5i ”+ 34+3i\"

3 2 2
2. n

= §3§ oS (%)

which would be hard to find without (7.13). O

7.2 Exponential Generating Functions

It is easy to construct a sequence a,, for which the ordinary generating function (OGF) either
does not exist or cannot be computed in a closed form. Think of a, = n! or a, = n"/nl.
Often a very simple trick solves the problem. Namely, one defines a weighted generating
function such that
o0 Zn
n=0 n
where w,, is the weight. The most popular and widely used weight is w,, = n!, which produces
the exponential generating function. But other weights work remarkably well in a variety of
applications (e.g., w, = n!l/n™ leads to a tree-like generating function that we shall discuss
in the sequel).

7.2.1 Elementary Properties

Let us first concentrate on exponential generating functions. We sometimes must distinguish
between ordinary and exponential generating functions; therefore, we often write (lowercase
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Table 7.3: BASIC PROPERTIES OF EXPONENTIAL GENERATING FUNCTIONS

Let {a,}22, be a sequence and a(z) its exponential generating function. We write
{an}s” — al2).

We shall also write Da(z) or a’(z) for the derivative of a(z).
The following relationships hold:

{an}e® +{bn}y «— a(z)+0b(2), (7.14)

{ani}e — Dka<z>=j—:,€a<z>, (7.15)

{n’fanigo —— (2D)*a(2), (7.16)

{znj (Z)akbnk} s a(2)b(z). (7.17)
k=0 n=0

letter) a(z) for the exponential generating function of {a,}22, that is,

n

=z
a(z) = Z an .
n=0 ’

Elementary properties of exponential generating functions are listed in Table 7.3. As in the
case of ordinary generating functions, we can view exponential generating functions as a
formal power series, but we skip this formalism and assume that a(z) is an analytic function.
Clearly, what we said above about analytic theory of OGF applies here with a,, replaced by
an/n!.

The properties (7.14)—(7.17) presented in Table 7.3 are easy to prove, and left for the
reader. We only show here how to derive (7.17) from its ordinary generating function coun-
terpart (7.5). If a(z) and b(z) are exponential generating functions, then

[Z—ﬂ a(2)b(z) = n![z"]a(2)b(z) = n! z:: %% = Z (Z) axbp—k,

k=0
which yields (7.17).

Example 7.10 Bell Numbers
In Example 8 we computed the Stirling numbers of the second kind {Z} that represent
the number of ways the set [n] = {1,...,n} can be partitioned into k classes. What if we are
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interested in the total number of partitions of [n] irrespective of how many classes are there?
These numbers are called the Bell numbers and are denoted as b,. We prove that

bpy1 = Z <Z> by,

k=0

with by = 1 by convention. Indeed, let us consider the collection of [n + 1] partitions. Its
cardinality is b,41. We split this collection into £ = 0,1,...,n groups such that the kth
group consists of all partitions, in which the class that includes symbol n+ 1 contains exactly
k others symbols. Certainly, the above follows.

To obtain the exponential generating function b(z) of the Bell numbers, we use (7.15) and
(7.17), which yields

V(z) =e*b(z), b(0)=1.
Solving it one arrives at
b(z) =exp (e —1).

A closed-form formula for by can be derived, but this is left as an exercise.

Example 7.11 A Binomial Sum
In some computations, one needs to compute the generating function of the binomial sum

s, defined as
Sn = E: (Z)ak

k=0
where ay, is a sequence. Clearly by (7.17) we have

where a(z) = 37,5 an%. The situation is a little more complex if one wants to compute the
ordinary generating function of s,. But

sn:zn: <Z>ak — S(z) = 112A(1iz> . (7.18)

Indeed, by Entry 1 of Table 7.2 we have

1 o0

1 z i m B me (m+j ;
A - 2, o T = 2 o Z( ~ )
= Zz"Z(Z)ak

n=0 k=0

as desired. O
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7.2.2 Labeled Combinatorial Structures

As in the case of ordinary generating functions, the exponential generating functions have
a combinatorial interpretation. We consider here labeled structures (e.g., permutations, cy-
cles in a permutation, set partitions, labeled trees, labeled graphs) where each “atom” of a
structure (e.g., a node in graphs or trees) has a distinctive integer label. Let A be a class
of labeled combinatorial objects, and let a, be the counting sequence (i.e., the number of
objects of size n). Then the exponential generating function (EGF) of A is

Sl

o) = X T = e

acA n>0

since there are n! orderings of labels.

Foata presented in [158] a detailed formalization of labeled constructions. There are
many excellent surveys and books that treat exponential combinatorial families in depth (cf.
Flajolet [126], Flajolet and Sedgewick [149], Hofri [197], Sedgewick and Flajolet [383], and
Wilf [447]), so here we restrict our attention to only a few examples. We shall follow the
presentation of Flajolet and Sedgewick [149].

In labeled combinatorial structures each object consists of atoms that are marked by
distinct integers. The size of a structure is the number of its atoms (e.g., number of nodes in
a graph or a tree). We assume, however, that such structures are well labeled by insisting that
the labels are consecutive integers starting from 1. We allow relabeling that preserves the
order relations between labels. For example, a structure with labels {5,9, 11} can be relabeled
as {1,2,3}, but not {1, 3,2}. Knowing this, we can introduce two new labeled constructions,
namely, disjoint union and product.

Disjoint union of structures A and B denoted as A + B is defined as in the unlabeled
case except that we need to relabel the composite structure to get well labeled structures.
For example, {1} + {1,2} = {1,2,3}. In a similar fashion, we define the product C =
Ax B of A and B by forming ordered pairs from A x B and performing all possible order
consistent relabeling, ensuring that the resulting pairs are well labeled. Using the same
argument as above for the unlabeled structures (ordinary generating functions), we easily
prove the following translations

C=A+B — c(z)=
C=AxB — c(z)=

(2) +0(2), (7.19)
(2)b(z). (7.20)

The last relation also can be proved by observing that the counting number ¢,, of C is related
to the counting numbers a,, and b, of A and B by

Cn = Z <Z> akbnfka

k=0
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which leads directly to the product of the associated exponential generating functions.

We illustrate the above constructions in two interesting examples, namely, counting la-
beled trees (i.e., Cayley’s trees) and the number of cycles in a permutation (i.e., Stirling
numbers of the first kind).

Example 7.12 Labeled or Cayley’s Trees

Let 7 be the class of all labeled rooted trees, also called the Cayley trees. Think of such
trees as labeled connected graphs without cycles and with one node marked as the root (e.g.,
subtrees are not ordered; there are no left and right subtrees). Our goal is to find the number
t, of all labeled rooted trees of size n. In Figure 7.1 we show all t3 = 9 labeled trees with
n = 3 nodes. Let T'(z) be the EGF of t,, (we write T'(z) instead of ¢(z) for historical reasons).
Observe that a rooted labeled tree consists of the root and either one rooted labeled subtree
or two rooted labeled subtrees or k rooted labeled subtrees, and so on. But k rooted labeled
subtrees can be symbolically represented as a product of k rooted labeled trees 7, that is, 7%.
Finally, since the subtrees are not ordered we must divide the product 7% by k! to construct
the structure 7 (we recall that 7% is an order product). Having this in mind, and writing
root for the root node, we can represent 7 as

_ 1,5 1, 34 1,
T-root*(e—f—’f—f—ﬁ’f —|—§T _|_..._|_HT _|_...>’

where € represents an empty tree. This translates into
T(z) = 2", (7.21)

Thus T'(z) is given only implicitly. We will return to this problem in Section 7.3.2, where we
show that t, = [£;]T(z) = n"" .

Example 7.13 Cycles in Permutations or Stirling Numbers of the First Kind.

Let ), represent the subclass of circular permutations of size n. A permutation is circular
if a circular shift leads to the same permutation (e.g., (1,3, 2) is the same circular permutation
as (3,2,1) but not the same as (1,2,3)). It is easy to see that the number of circular
permutations k,, is k, = (n — 1)!. Indeed, we split n! permutations of [n] into (n — 1)! groups
of size n such that two permutations belong to the same group if one is a circular shift of the
other. But, nk,, = n!, hence the claim.

Now, let us consider a more interesting question. We consider a permutation of [n] and
identify all its cycles. For example, the permutation

10

1 2
1 2

3 4 5 6 7 8 9
10 79 3 5 6 4 8
contains three cycles, (1,10,2), (3,7,6,5) and (4,9, 8), that can be represented as cycle di-
graphs (Figure 7.2). Let C) be a subclass of all permutations of [n] having r cycles. If



214  Generating Functions

1 1 1
/.\ 2 3
2 3
3 2
2 2 2
A . L
1 3
1 3
/.\ 2 1
1 2
1 2

Figure 7.1: Nine rooted labeled trees built on n = 3 nodes with roots at the top.

K and C) denote the classes of all circular permutations and permutations with 7 cycles,
respectively, then a little thought reveals that

¢ = L,

r!

This translates into the following EGF equation
(") L gr
C'"(z) = FK (2).

But

The numbers

m - Z—;[z”] <log 1 L Z) (7.22)
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Figure 7.2: Three Cycles of the Permutation of Example 13.

are called the Stirling number of the first kind and represent the number of permutations
with r cycles.

Let us see if we can get a more explicit formula for the generating function C'(")(z). We
first introduce a bivariate generating function

C(z,u) = Z (2.

r>0
Observe that

C(z,u)—Z(logliz)ri—: =exp (—ulog(l — 2)) = !

=0 (1—2)w’

Using Entry 1 of Table 7.2, we obtain

{2—7] C(z,u) = z”: [ﬂur

= u(u+1)---(u+n-—1).
This agrees with Entry 8 of Table 7.2. O

7.3 Cauchy, Lagrange and Borel Formulas

We have been lucky so far, because in order to find [2"]A(z) we need only to look up an
entry in Table 7.2. But this is not always the case as already seen in Example 12. We discuss
below two formulas, one by Cauchy and the other one by Lagrange, that provide guidance
for finding [2"]A(z). We learn how to extract coefficients from generating functions given
either explicitly (cf. Cauchy’s formula) or implicitly (cf. Lagrange’s inversion formula). We
shall also discuss the Borel transform, which allows us to transfer an exponential generating
function into an ordinary generating function.
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7.3.1 Cauchy Coefficient Formula

We start with the Cauchy formula that we already discussed in Chapter 2 (see Theorem 2.6).
Observe that if A(z) is analytic in the vicinity of z = 0, then

an = ["A(2) = — fA(Z)dz (7.23)

Comi J ot

where the integral is around any simple curve encircling z = 0. Indeed, since A(z) is analytic
at z = 0, it has a convergent series representation, say

A(z) = Z apzt.

k>0

Thus

j{ fn(fz dz = Z ay, j{ 2~ (=R gy — 2mia,,,

k>0

where the last equality follows from (2.23) which we repeat here:

1 .
g _ —2mi(n—1) 3 _ 2my forn=1
7{ @ dz /0 € di { 0 otherwise.

The interchange of the integral and sum above is justified since the series converges uniformly.
Using Cauchy’s formula and Cauchy’s residue theorem we can evaluate exactly or asymptot-
ically the coefficient a,. Since the Cauchy formula (7.23) is mostly used in the asymptotic
evaluation of the coefficients, we delay our discussion until the next chapter.
Finally, we should mention that Cauchy’s formula is often used to establish a bound on
the coefficients a,,. Let
M(R) = max |A(z)].
(B) = ma [A(2)
Then for all n >0
M(R)
R™ 7
which follows immediately from (7.23) and a trivial majorization under the integral.

lan| < (7.24)

7.3.2 Lagrange Inversion Formula

Cauchy’s formula can also be used to prove Lagrange’s formula, which allows us to extract the
coefficient of implicitly defined generating functions. We already saw examples of generating
functions that are defined by functional equations (see Example 12). We were lucky so far
to be able to explicitly solve such functional equations. We cannot count on this forever.
For example, while enumerating unlabeled trees we found an explicit formula discussed in
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Example 7, but this is not true for enumerating labeled trees. In the latter case, the generating
function T'(z) of the number of labeled trees satisfies T'(z) = ze?(?) (see Example 12). This
function does not have a simple, explicit solution, but with the help of the Lagrange formula
we shall easily find the coefficients.

We first digress and examine the inversion problem that is at the heart of the Lagrange
formula. Define explicitly a function x(z) as a solution of

z(z) = 2®(z(2)) (7.25)

provided it exists. We assume that ®(u) is analytic at some point zg, and ®(0) # 0 for the
problem to be well posed. To study the existence issue, let us rephrase (7.25) as

O(z(2)) = z, where  O(u) = —. (7.26)

In other words, we are looking for conditions under which the inverse function x(z) = ©71(z)
exists. We shall see that for the existence of the inverse function in a vicinity of g we must
require that ©’(xq) # 0.

Since ©(x) is analytic at xg, we have

Ox) = O(xo) + (z — )6 (w0) + 3 (& — 206" (z0) + -

As a first order approximation, we find

1
x—1x9~ ——<(2— 20)

©'(xo)
provided ©'(zp) # 0. We can further iterate the above to derive a better approximation:

1 @//(xo)
S0P 20)* + O((z — 20)*). (7.27)

x—1x0 = (z —z9) —

©’ (o)

Iterating many times we can get a convergent series representation of the inverse © ~!(x)
around xg provided ©’(xg) # 0. We should mention that the problem of finding the inverse
function is known in the literature as the implicit-function theorem or inverse mapping
theorem. The reader is referred to any standard book on analysis or complex analysis (e.g.,
[363, 448]) for further reading.

We can continue the above iterative process, but unfortunately it becomes more and more
complicated. We would like to extract coefficients of the inverse function ©~!(x) or x(2) in a
more simpler and direct way. Is it possible? The answer is emphatically yes, and it is known
as the Lagrange inversion formula.
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Theorem 7.2 (Lagrange Inversion Formula) Let ®(u) be analytic in some neighborhood
of u =0 with [u®]®(u) # 0, and let X (z) be a solution of

X = 20(X). (7.28)

The coefficients of X(z) (or in general ¥(X(z))), where ¥ is an analytic function in a
neighborhood of the origin, satisfy

[ (@(w)", (7.29)

[ (@ ()" ¥ (w) - (7.30)

SI=3=

Proof. We prove only (7.30) since (7.29) is a special case. Formally we can proceed as
follows, taking u = X(z) as an independent variable:

" (@) (w) = [ (P () (u/2)") = [uT] (P (u)/2")

- i f T

1 [P(X(2)X'(2)
= 55 j{ — "z u=X(z)

= ) (e e)
= n[z"V(X(2)).

Most of the above equalities are trivial to justify (the second one is just the residue theorem)
except for the third equality. But this one is a consequence of the inverse function theorem
discussed above ([u®]®(u) # 0 is the equivalent of the requirement that the first derivative of
the inverse function is nonzero, as we shall see below), and the change of variables. ]

Before we proceed to discuss more sophisticated examples, let us check if (7.27) agrees
with the Lagrange formula.

Example 7.14 Checking (7.27).
As in (7.26), we define O(u) = u/®(u) (i.e., X(z) = ©71(2)), hence for u = 0 we have
©'(0) = 1/®(0). From Lagrange’s formula (7.29) we obtain for n = 1

21X (2) = [u’]@(u) = 1/6/(0),

which coincides with (7.27). To find [22]X(2) = [22]©7!(2) we need a little bit of algebra.
First of all, observe that by (7.29)
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But
9 u? u?
P = BE T o) 1 3a207(0) 1 OB
= BoP “[§'<E)(;1)3 +00)
Thus "
P1XC) = 3 g
which again agrees with (7.27). O

The most popular application of the Lagrange formula is to the tree function 7'(z) defined
in Example 12, which we repeat here:

T(z) = 2T, (7.31)

In fact, the tree function is closely related to the Lambert W-function W (z) exp(W (x)) = z
(i.e., T(z) = =W (—=%)). The interested reader is referred to [73] for a comprehensive survey
on the Lambert function and its myriad applications.

Example 7.15 Tree Function T(z)
We compute here the coefficients ¢, = [2"]T(z) that represent the number of labeled
rooted trees. Setting ®(u) = € and ¥(u) = u in the Lagrange formula, we obtain

[2"T(2) = ﬁ[u Hem = YR
- n;l (7.32)

which agrees with Entry 7 in Table 7.2.

We still need to know the radius of convergence of T'(z). We will show that T'(z) is analytic
for all |z] < e~!. But this follows directly from the Hadamard Theorem 7.1. We present
now an indirect proof of the same that is more general and may apply to a larger class of
implicitly defined functions. Let us define, as in (7.26), the function O(u) = u/®(u) = ue™,
and observe that T(z) = ©~!(z). From our discussion preceding the Lagrange formula (cf.
(7.27)), we conclude that T'(z), or the inverse of ©(u), exists as long as ©'(u) # 0. Let 7 be

the smallest real number such that
0=0(r)=e"(1-71)

or equivalently
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We find 7 = 1 and z = O(7) = e~ . Since O(u) increases from v = 0 to u = 7, the tree
function T(z) has it first singularity at z = e~!. Thus it is analytic for |z| < e~ O

The tree function is so important that it deserves more discussion. One defines the tree-
like generating function of a,, as

A(z) = ngo an%zn. (7.33)
In particular, for |z| < e}
Te) = ST (7.34)
= nn!
= n" 1
B = — = 7.35
(2) nz::o ' 1-T(2) (7.35)

To see how (7.35) follows from (7.34), observe that after differentiating (7.34) one finds
B(z) =1+ 2T"(2). On the other hand, differentiating the functional equation T'(z) = ze”(*)
we obtain

__T()

C1-T(2)’

and the proof of (7.35) follows. In Exercise 3 the reader is asked to rederive (7.35) from
Lagrange’s formula.

2T'(2)

Example 7.16 Sum and Recurrence Arising in Coding Theory
In information theory (e.g., channel coding, minimax redundancy of universal coding, and
universal portfolios) the following sum is of interest:

S50

We can analyze it through the tree-like generating function s(z) = >,>¢ Sn%z". Indeed,

. . . . n
observe that n™S, /n! is a convolution of two identical sequences "7, hence

where B(z) is defined in (7.35).

A more interesting example is the following. When analyzing the minimax redundancy
of source coding for memoryless sources (see also Section 8.7.2), Shtarkov [390] came up with
the following summation problem

Dp(m) = i (T) D3 (i), (7.36)
=1
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where D{§(1) =0, D} (1) =1 for n > 1, and D} (i) for ¢ > 1 satisfies the following recurrence:

Dy =Y (Z) (Y (-5 o (7.37)

=1 n n

provided that Dj (i) = 0 for i« > n. We express D, (m) and D} (m) as tree-like generating
functions. Let us introduce a new sequence D} (m) defined as

Bim) = Y- (Z) () (-5 piatm 1) = Dyom) + Diom 1),

k=0

Its tree-like generating functions is
9= 3 D
— k!
Observe that it can be re-written as

n k,k (n o k)n—k
mDam) =3 Dy (- 1)
n! kz:;) K (n—k) "
We now multiply both sides of the above by 2™, sum it up, and then by the convolution
formula of generating functions one arrives at

Thus
Dy (2) = (B(z) = 1) ' Di(z) = (B(2) — )™, (7.38)

m

since D} (z) = B(z) — 1. By (7.38) we obtain

m
Dp(z) =) ( )D* = Z ( ) —1)'=B"(2) - 1. (7.39)
=1 i=1
We return to this problem in Section 8.7.2.
Finally, we are in a position to formulate an even more general recurrence. Under some
initial conditions, define a sequence )" satisfying for n > 1 and m > 1

m - n i ’ i e m— m—
= a, + Z (2) <5> <1 - 5) (a2t 2™y (7.40)
1=0

where a,, is a given sequence (called the additive term), and m is an additional parame-
ter. Using the same arguments as above, one can solve this recurrence in terms of tree-like
generating functions:

Xm(2) = A(2) + 2B(2) Xm—1(2) (7.41)
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where
- kk k_m - kk k
Xm(z) = Z 7 Tk A(z) = Z T k-
k=0 k=0
The recurrence (7.41) can be solved by telescoping in terms of m. O

7.3.3 Borel Transform

In some applications, it is better to work with ordinary generating functions and in others
with exponential generating functions. Therefore, one would like to have an easy transfer
formula from one generating function to another. In Example 11, we show how to obtain
the ordinary generating function S(z) for the binomial sum from its exponential generating
function s(z) = e®a(z) (cf. (7.18)). This is an example of a transfer formula. A question arises
whether one can find a transform that allows us to recover the ordinary generating function
from the exponential generating function. The answer is given by the Borel transform (cf.
[424, 448]), which we discuss next.

Let a,, be a sequence such that its ordinary generating function A(z) exists in |z| < R.
Let also a(z) be its exponential generating function. Define

f(z)= /Ooo e ta(zt)dt

for |z| < R. We prove that this integral exists and f(z) = A(z) for |z| < R. Indeed, observe
that by Cauchy’s bound (7.24) |a, R™| < M, hence

Therefore, for |z| < R

/ eta(zt)dt‘<M / e~t0-lel/B) gy,
0 0

and the integral exists for |z2| < R. Thus by Theorem 2.4(ii) we conclude that f(z) is analytic,
and the interchange of the integral and the sum below is justifiable for |z| < R:

et S ai i =Y [T et = ace)
e Ap—— = aAnp2 — e = z
0 " n! " n! 0

n>0 n>0

where the last equation follows from n! = [;° e~ "¢"dt = I'(n —1). In summary, we prove the
following theorem.
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Theorem 7.3 (Borel Transform) Let A(z) = >_,>qan2" converge for |z| < R. Then for
|z| <R
A(z) = / e~ta(zt)dt, (7.42)
0

where a(z) = Y50 an %y is the EGF of {an}3Z.

7.4 Probability Generating Functions

Generating functions and other transforms are important and useful tools in probability
theory. They are particularly handy in the analysis of algorithms and combinatorics, that is,
discrete structures. If X is a discrete random variable with p, = Pr{X =k} (k =0,1,...),
then the probability generating function, denoted as Gx(z) or G(z)), is defined with respect
to the sequence {py}r>0 as
Gx(z) = Zpkzk = E[2¥].
k>0

We already saw moment generating functions in action when large deviations theory was
discussed in Chapter 5. Here, we first briefly review terminology and elementary facts in
order to later present more interesting applications of probability generating functions.

The usefulness of probability generating functions stems from the fact that some quantities
of interest for X are easily computable through the generating functions. For example,
moments of X are related to the derivatives of Gx(z) at z = 1. Indeed, if X possesses all
moments, then

EX"] = (z%)r Gx ()

z

9
z=1

as is easy to check. Often, factorial moments E[(X),] := E[X(X —1)--- (X —r 4+ 1)] are
easier to compute since

dT

EX(X-1)---(X—-r+1)]= dzTGX(Z) »
In particular,
EX] = Gx(1),
Var[X] = G%(1)+Gx(1) - [Gx (1)

Of course, one can recover the probability distribution pi from the generating function since
pr = [#¥]Gx(2); hence Cauchy and Lagrange formulas work fine. But also

dk
Pk = @GX(Z)
z=0
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Probability generating functions are commonly used in probability theory since they re-
place complicated operations like convolutions by algebraic equations. For example, if X and
Y are independent, then

Gxiy(2) = ERXTY] = E2YE[2Y] = Gx(2)Gy (2).

Also, the distribution function F(k) = Pr{X < k} = Y% ,p; can be represented in PGF
terms, since by (7.6) we have

Gx(z
ST F(k)F = 1X( ),
k>0 —Z
In Chapter 5 we used another transform for probability distributions, namely, the moment
generating function defined as

Mx(s) = Gx(e*) = E[e™]

where s is assumed to be complex. The moment generating function Mx(s) is well defined
at least for R(s) < 0. We saw in Section 5.4 that if the definition of Mx(s) can be extended
to a vicinity of s = 0, say for R(s) € [—c¢, ¢] for some ¢ > 0, then X has an exponential tail.

Finally, it is also convenient to deal with the cumulant generating function kx (s) defined
as

kx(s) =log Mx(s) =log Gx(e*).
Observe that

E[X] = #/(0),
Var[X] = &"(0),

provided k(s) exists in the vicinity of s = 0. Then

2

k(s) = us + 02% + O(s?), (7.43)

where 1 = E[X] and 02 = Var[X].

Example 7.17 The Average Complezity of Quicksort

Hoare’s Quicksort algorithm is the most popular sorting algorithm due to its good per-
formance in practice. The basic algorithm can be briefly described as follows [269, 305]: A
partitioning key is selected at random from the unsorted list of keys, and used to partition
the keys into two sublists to which the same algorithm is called recursively until the sub-
lists have size one or zero. Let now X, denote the number of comparisons needed to sort
a random list of length n. It is known that after randomly selecting a key, the two sublists
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are still “random”; hence assuming any key is chosen with equal probability 1/n we obtain a
stochastic equation

Xp=n—-1+Xg+Xpn 1K
where K is the random variable denoting the selected key. It can be translated into the
generating function G, (z) = E[z%"] as

n—1n—1

Z Gk(z)anlfk(Z)
k=0

z

n—1
n—1 1 X, X,
— _E k E n—1-k| —
Gn(2) = 2 k;)” [z*]E[2 =~

Then ¢, := E[X,,] = G/,(1) satisfies
92 n—1
cn:n—l—i—gigoci

with cg = 0. We solve this recurrence using the generating function C'(z) = 3,5 cn2". By
(7.6) and Entry 1 in Table 7.2, we derive

22 z C(x)
= 42
CE = ) T
which becomes, after differentiation,
2z 222 2C(z)
C'(z) = .
G =G T T 1o

This is a linear differential equation that is simple to solve. Using, for example, the method
of variation of parameters, we arrive at

C(z) = a —22')2 <log liz —z).

To find C), = [2"]C(z) we proceed as in Example 1, and finally prove
Cn=2(n+1)Hp41 —4n—2=2(n+1)H, —4n,

where H,, is the nth harmonic number. O

7.5 Dirichlet Series

Finally, we study one more generating function of {a,}$° defined as

o0

Als) =) -,
n=1

and known as the Dirichlet series. When dealing with ordinary and exponential generating
functions, we observed that the choice of a particular generating function largely depends on
the convolution formula. This is also the case here. We shall demonstrate that the Dirichlet
series is a very useful tool in number-theoretical problems.
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7.5.1 Basic Properties

Let us start with analytic theory of the Dirichlet series. For what complex s does the series

> a
A(s) = —
converge? Observe that
an| |an|
ns - n?R(s)

Therefore, if the series converges absolutely for s = r + ¢, then it must also converge for
R(s) > r. Let r, be a lower bound of such r. The series converges for R(s) > r, and diverges
for R8(s) < r,. The real number r, is called the abscissa of absolute convergence. This
observation leads to the following known result (for a formal proof see [15, 195]).

Theorem 7.4 Suppose the series > o> |an/n®| does not converge or diverge for all s. Then
there exists a real number r, called the abscissa of absolute convergence, such that the Dirichlet
series Y21 7= converges absolutely for %(s) > r, and does not converge absolutely for R(s) <
Tq.

As for an example, let us look at the Riemann zeta function (discussed in Section 2.4.2),
which is the Dirichlet series of {1}7°, that is,

-y L

n=1 n’
It converges absolutely for R(s) > 1, and for s = 1 it diverges, so it diverges for R(s) < 1. In
fact, the Dirichlet series converges absolutely for all #(s) > 1 as long as |a,| is bounded for
alln > 1.

Let us now turn our attention to some important properties of Dirichlet series. How does
the product of two Dirichlet series relate to the Dirichlet convolution? Observe that

(o] o0 o0 o0
s):Zann*stmm*s:ZZanbm stz:anm
n=1 m=1 n=1m=1 mn=~k

Therefore, if d|n reads “d divides n,” then we just proved the following relationship:
(o]
A(s)B(s) «— {Z adb% } . (7.44)
d\n n=1

In other words, Dirichlet convolution is a sum of products of the series coefficients whose
product of the subscripts is fixed.
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Example 7.18 Some Dirichlet series
Here are two applications of the Dirichlet convolution formula.
1. D1visor FUNCTION. Let d(n) be the number of divisors of the integer n. Clearly

d(n) = Z 1-1,
dln

hence d
W) (o)

o

D(s)=

n=1

2. FUNCTION va(n). Let va(n) be the exponent of 2 in the prime decomposition of n. Since
v2(2n) = va(n) + 1,

we find, after easy algebra,

which is valid for R(s) > 1. ]

7.5.2 Euler Products

For the purpose of this section, it is convenient to write {f(n)}3° := {f,}$°. A function f(n)
whose domain is the set of positive integers is called multiplicative if

f(mn) = f(m)f(n)
for all pairs of relatively prime positive integers m and n (i.e., gcd(m,n) = 1). Observe that
since every integer n has a unique prime factorization

€1,.,€2

n=py'py’ -, (7.45)

where p1,...,p, are distinct primes and eq,...,e, are nonnegative integers, then for a mul-
tiplicative function f

f(n) = f1) - fpir).
Let us now consider the product
P(s) =TT (1+ f@)p~* + F0Pp~> +-++)
P

where f is multiplicative and the product is over all prime numbers p. Let us look for a
moment at P(s) as a formal power series and multiply it out. What is the coefficient at n=*?
Assuming the factorization (7.45), we have

(p1'ps” -0 ) f T F(05) - - f(0r) = n~° f(n).
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Therefore, formally

[T (14 fp= + foHp 2 + ) = i f(?).
n=1

n
p>1

For s = 0 the above becomes the Euler product. In fact, it is not difficult to embrace analytic
theory into our considerations. This leads to the following very important result (cf. [15] for
a formal proof).

Theorem 7.5 (Euler, 1737) Let f be a multiplicative function such that the seriesy ooy f(n)n™°
1s absolutely convergent. Then

and the infinite product is convergent, too.

=11 (1 + P+ f* )T ) (7.46)

p

Euler’s theorem is a source of many interesting identities for the Riemann zeta function.
We consider some of them below.

Example 7.19 Another Representation for ((s)
Let us first assume f(n) =1 for all n. Then

¢(s) = TI(r+p+p™+--)

p
1
= 11 —. (7.47)
p 1=p

We now recall the definition of the M&bius function p(n), which we discussed in Section 3.2.
For prime p we define pu(p°) as

+1 if e=0,
pp®) =4 -1 if e=1,
0 if e>2.
Then by Euler’s theorem
— H(n) s 1
= 1—-p7%) = — (7.48)
Lo g
for R(s) > 1. O

The last example shows how to invert relationships like
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that is, to find b,, as a function of a4. Let us again consider Example 3.4 of Chapter 3 where
we counted the number of primitive sequences. If f(n) is this number, then we already proved

that
2" =Y f(d).
dln

How can we recover f(n)? Let A(s) =>_,512"n"°. Then

This translates into

as already proved in Example 4. O

7.5.3 Perron-Mellin Formula

In this section, we present a surprising connection between discrete sums and complex inte-
grals. We concentrate here on exact formulas for such sums. This opens a venue for a much
deeper analysis presented in subsequent chapters (see Sections 8.2.1, 8.5, and 10.1), where
complex integrals are used to derive asymptotic expansions of discrete sums. Needless to say,
evaluation of discrete quantities by complex integrals is at the core of an analytic approach
to analysis of algorithms and analytic combinatorics. We shall return to this issue several
times in the sequel.

Let {ar}}_, be a sequence of reals. We are interested in the evaluation of the following

discrete sum
n
Sn = Z ag.
k=1

From elementary calculus we know that such sums are well approximated by [{* a(x)dxz, where
a(x)|z=n = a, and a(x) is a monotone function (see also Section 8.2.1). Here, we aim at ezact
evaluation of such sums through the Cauchy residue Theorem 2.5 (see Section 2.3). We recall
that Cauchy’s residue theorem states that

1 N
e ]é f(z)dz = ]ZlReS[f(Z); 2= aj]
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b +iT c+iT b+iT
F—— - — — — — — >
| i
Y Y
I -m -2 -1 0| c
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-b-iT c—iT b-iT

Figure 7.3: Illustration of the “closing-the-box” method.

as long as f(z) is analytic inside C except at N poles ay, ..., ay. Thus, if one selects a “good”
function f(z), then the right-hand side of the above can represent a discrete sum. In many
applications, it is often convenient to take an infinite loop C as shown in Figure 7.3, where
T,b — oo. In such a case, we write

c+ioco c+iT
/ f(s)ds := lim f(s)ds
c—100 T—oo Je—iT
where c is such that it assures the existence of the integral.
We illustrate the above idea in the Perron-Mellin formula. We shall follow the presentation
of Apostol [15] and Flajolet et al. [134]. Let {a,}{° be a sequence whose Dirichlet series is
A(s). We prove that for m > 1

1 n-l E\™ 1 c+ioco ds
1 —_ — = — A S 4
m! k§=1: ag < n) 2mi /HOO Ol GiD ) (7.49)

where ¢ > 0 lies in the half-plane of absolute convergence of A(s). When deriving the
Perron-Mellin formula, we introduce the reader to a new technique, sometimes called the
closing-the-box method, that allows us to evaluate integrals like the one above.

Consider the integral of the right-hand side of (7.49). We have

m! [etioo ds m! [etice (22 aqp n®
— A(s)n® = — / E — d
2mi ‘/c—ioo (s)n s(s+1)---(s+m) 21t Je—ioo (k:l k5> s(s+1)---(s+m) 5

0 | c+i0o k)s
= Yar | L —
= 2mi Je—ico s(s+1)--(s+m)

where the interchange of the sum and the integral is justified since both converge absolutely.
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We need now to evaluate the integral

m! [etioo x®
Im(x) = — d
(z) 271 /C,ioo s(s+1)---(s+m) s

for £ > 0. We shall prove below that for all m > 1

0 for 0<z<1
() = { 1—z~H™ for x> 1. (7.50)

Provided the above is true, the proof of (7.49) follows (with the exception of z = k/n =1
and m = 0, which we treat below).
In order to prove (7.50), we apply the closing-the-box method. We consider two cases.

A . Case0<x <1

To evaluate the “infinite” integral in the definition of J,,(x), we first consider a finite
one, that is, [ chiig and later allow 7" to grow. The later integral is calculated by considering
the rectangular contour I' shown in Figure 7.3 (solid line). First, observe that there is no
singularity inside the contour I' since the integrand function appearing in the definition of

Jm(z) is analytic. Hence
S

/ps(s—l—l)---(s—i—m) =0,

c+iT c+iT b+iT b—iT
c—iT b+iT b—iT c—iT'

We prove now that the right-hand side of the above tends to zero as T, b — oo proving (7.50)
for z < 1. Let s = r +iy. We have the following estimates (here we use the bound (2.22)
from Section 2.3):

and therefore

e+iT 8 b £ R(Es) zb
d < 2 ds + 2T
/HT sl (stm) | = / T(TH+1)--- (T +m) ST
2 oo o
S W/C X d7"+2Tbm+1
2 —x° zb
= TmEl (lnx) +2Tbm+1
— 0,

since 2? decays exponentially to 0 as b — oo for 0 < z < 1. In the above, we first take the
limit with respect to b and then allow T' — oc.

B: Casg z > 1
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In this case, we close the loop (rectangle) to the right of the line (¢ —ico, c+ic0), creating
a new contour I'" as shown in Figure 7.3 (dashed line). But, inside the loop I'" there are m+1
poles at a; = —i for ¢ = 0,1,...,m. By Cauchy

S

1 x

27ri/r/ s(s+1)---(s+m

)ds = iRes[f(s),s = —i],
i=0

where f(s) = 2°/(s(s+1)---(s+m)). The above residues are easy to calculate. For example,
using (2.24), we obtain

Res(f(s). = i = (1) e —,
thus | .
m! T o aym
ﬁ/p/s(s—kl)...(s_,_m)ds_(l )"

On the other hand, we can evaluate the integral over the contour I' as

// f(s)ds = /CCHT f(s)ds + /Cbi:;f(s)ds

—iT
—b—iT —b+iT

+ / f(s)ds + f(s)ds.
—b+iT il

We now show that the last three integrals vanish as T,b — oo, proving (7.50). Using the
same argument as above, we have

c—1T xS 1 c ., x°
ds| < —— dr = ——
/7b7iT s(s+1)--(s+m) = e [oo T Tt g
—b—iT s b
ds| < ot
‘/—bHT s(s+1)---(s+m) | = bt
ct+il x® 1 c 1 z°
d < "dr < ———.
/—b+iT s(s+1)---(s+m) ° = mi /—b TS Pl g

Since = > 1, we see that all three integrals tend to zero as b — oo and then T — oco.
Finally, the case = 1 and m = 0 must be considered separately. Direct calculations,
that are left as an exercise for the reader, show that

1 feticods 1
27 /c_ioo s 2

for ¢ > 0.
In summary, we have just proved the Perron-Mellin formula.
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Theorem 7.6 (Perron-Mellin Formula) Let A(s) be the Dirichlet series of {a,}°. Let
¢ > 0 lie inside the half-plane of absolute convergence of A(s). Then

n—1 ;
1 1 c+100 d
Z ag + =a, = —/ A(s)ns—s, (7.51)
= 2 271 Je—ico S

and for all m > 1

1 n-l E\™ 1 c+ioco ds
m! kzlak< n> 2mi /C_ioo (s)n GID - Gim (7.52)

In Section 7.6.3 we shall use the Perron-Mellin formula to evaluate the total number of
1-digits in the binary representation of 1,2,...,n. Here, we illustrate Theorem 7.6 on a
simpler, but important example.

Example 7.20 An Identity for ((s) Function
Let us apply the Perron-Mellin formula for m =1 and ay = 1. Then

n—1 1 /2“0" ds
= S .
2—ico s(s+1)

Now we evaluate the integral on the right-hand side by the closing-the-box approach. We
consider a rectangle box with the line of integration shifted to the left up to R(s) = —%.
Let us call the lines in the box East (equal to the original line of integration), West (i.e.,
R(s) = —3), North (ie., S(s) = T as T — o0), and South (i.e., S(s) = —T). Call this
contour (traversed counterclockwise) C. Inside C there are two poles at s = 0 and s = 1 with
residues Res[f(s);s = 0] = —1/2 (since ¢(0) = —1/2) and Res[f(s);s = 1] = n/2, where

f(s)=<C(s)n®/(s(s+1)). Thus

1 s ds n—1
%/@C(s)n s(s+1) 27

that is, the same value as the integral (7.53). Therefore,

—3+iT
R Y
— % —iT North South

It easy to see (by a similar argument as above) that the integral over the South/North lines
tends to zero as T — oco. We conclude that

—L4ir d “liico d
4 S P S
li s 7 — s _ 54
75 A S(s)n s(s+1) /,l,ioo NOU s(s+1) 0 (7.54)

4

which is a source of several ezact instead of asymptotic formulas (e.g., see Section 7.6.3). O
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7.6 Applications

We discuss three different applications of generating functions. In the first one, we consider
a class of recurrences arising in the analysis of digital trees, and show how to solve them
exactly. Then we study an old problem of counting the number of pattern occurrences in
a random string. We use the combinatorial structure approach (i.e., language approach) to
derive the generating function for the frequency of pattern occurrence when the text string
is generated by a Markovian source. Finally, we use the Perron-Mellin formula to derive
Delange’s formula for the total number of 1 digits in the binary representation of 1,2,... n.

7.6.1 Recurrences Arising in the Analysis of Digital Trees

We consider certain recurrences that arise in problems on words, in particular, in digital trees
discussed in Section 1.1. Let x,, be a generic notation for a quantity of interest (e.g., depth,
size, or path length in a digital tree built over n strings). Given xy and z, the following
three recurrences originate from problems on tries, PATRICIA tries, and digital search trees,

respectively,

Tn = +0 (n) R+ 2ng), 0> 2, (7.55)

k=0

n—1
Ty = Z (Z) Fa k(g + zn_p) — a(p™ + ¢y n>2, (7.56)

k=1

n
Tpt1 = Z k) R R (g 4+ 2ng) 0 >0, (7.57)

where a,, is a known sequence (also called the additive term), o and [ are some constants,
and p+q=1.

To solve these recurrences we apply exponential generating functions. We start with
(7.55), multiplying it by 2", summing up, and using the convolution formula for exponential
generating function (7.17) from Table 7.3. Taking into account the initial conditions, we
arrive at

x(z) = a(z) + Br(zp)e® + Br(2q)e™ + d(2), (7.58)
where d(z) = dy + d1z and dy and d; depend on the initial condition for n = 0,1. This
functional equation is still hard to solve; hence we introduce the Poisson transform

~ 0 P
X(z) =a(z)e " =Y wy—
(z2) =z(2)e e 2 Tn s

The Poisson transform is a very useful tool in the analysis of algorithms. We devote to it all
of Chapter 10. Observe now that (7.58) reduces to the following functional equation

X(z) = A(2) + BX (zp) + X (2) + d(2)e”?, (7.59)
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where A(z) = a(z)e™® = e #3322 Oan r- (Throughout this book we write A(z) for the
Poisson transform of the sequence {a,}5%). Since #, = n![z"]X(z) the quantities Z, and z,

are related by
n n _
et (D)

k=0

After comparing coefficients of X (z) at 2", we finally obtain

L ap + kdy — dy
- _ _)k (™) 2R T o 7.60
Tp =z +n(ry — 10) + 2:2( ) <k:> = B0k T )’ (7.60)

where n![2")A(z) = Gy, := (—1)"a,. In passing, we point out that a, and a, form the binomial
inverse relations, and

n

. " (n n R

ay = Z (k) (—1)kak , Gy = Z <k> (—1)kak ) (7.61)
k=0

that is, én = a,.

Example 7.21 The Average External Path Length in a Trie

To illustrate our discussion so far, let us consider a trie with a memoryless source and
estimate the average ¢,, of the external path length, i.e., ¢, = E[L,] (see Section 1.1). Clearly,
lo =41 =0 and for n > 2

—n—l—Z( ) R+ i) -

Thus by (7.60)

for n > 2. O

Let us now consider recurrence (7.56), which is more intricate. It has an exact solution
only for some special cases that we discuss below. We consider only a simplified version of
(7.56), namely,

n—1
xn (2" —2) =2"a, + Z (Z) Tk

with zop = 21 = 0 (for a more general recurrence of this type see [404]). The EGF z(z) of z,,
is

2(z) = (¥ + 1)2(2/2) + a(z) — ao, (7.62)
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where a(z) is the exponential generating function of a,,. To solve this recurrence we observe
that after multiplying both sides by z/(e* — 1) and defining
. z
X(z)=u (Z)ez—_la
we obtain a new, simpler functional equation, namely:

X(2) = X(2/2) + A(2). (7.63)

In the above we assume for simplicity ag = 0. This is due to the identity e* — 1 = (ez/ 2
1)(e*/? + 1) that luckily translates (7.62) into (7.63). But (7.63) is of the same type as the
functional equation (7.59), and this allows us to extract the coefficient Z, = n![z"]X(2).
One must, however, translate the coefficients &, into the original sequence x,,. We use the
Bernoulli polynomials B, (x) and the Bernoulli numbers B,, = B,(0) (see Table 7.2 for
detailed discussion) defined as

ze

eZ_

tz 00 Zk:
= Bi(t)— .

Furthermore, we introduce the Bernoulli inverse relations for a sequence a,, as

. " (n " (n\ a
an—z<k>Bkank — a”_z<k>k+1' (7.64)

k=0 k=0

In Exercise 10 we ask the reader to prove

ay = <Z> e ay = (2) ¢ Brr(q) (7.65)

for 0 < ¢ < 1. Using now (7.63), and comparing coefficients we show that for a,, = (7)¢" the
above recurrence has a particularly simply solution:

. n\Bg(l—¢q) 1
— —1)k )
in kz::l( ) <k> E+1 2k 1

A general solution to the above recurrence can be found in Szpankowski [404] (cf. also [167]),
and it involves da,,.

Example 7.22 The Average Unsuccessful Search

As an example, consider the number of trials wu, in an unsuccessful search of a string
in a PATRICIA trie in which strings are generated by an unbiased memoryless source (i.e.,
p=q =1/2). Knuth [269] proved that

n—1
un(2" —2) = 2"(1 =2+ 3 <n>uk
k=1 k
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and ug = u; = 0. A simple application of the above leads, after some algebra, to
4 2 I (n+1\ B
=2 4260+ —— __k
nrl T +1Z< k >2k—1—1’

where 6, ;. is the Kronecker delta, that is, 6, » = 1 for n = k£ and zero otherwise. O

In summary, so far we were able to exactly solve functional equations (7.55) and (7.56)
since they can be reduced to a simple functional equation of the form (7.59). In particular,
equation (7.56) became (7.59) since luckily e* — 1 = (e*/2 — 1)(e*/? 4+ 1), as already pointed
out by Knuth [269], but one cannot expect that much luck with other functional equations.
Nevertheless, there is a large class of recurrences that can be reduced to the following general
functional equation

F(z) =a(z) + b(2)F(o(2)), (7.66)
where a(z),b(z),0(z) are known function. Formally, iterating this equation we obtain its
solution as

0 k—1
= > a(e®(2) [T bV (2)), (7.67)
k=0 =0

where o(*)(2) is the kth iterate of o(-). When applying the above to solve real problems,
one must assure the existence of the infinite series involved. In some cases we can provide
asymptotic solutions to such formulas by appealing to the Mellin transform that we shall
discuss in Chapter 9.

Example 7.23 A Simple Functional Fquation
Consider the following functional equation

f(2) = Ba(z/2) f(2/2) + b(2),
where |3| < 1. By (7.67) we obtain

fz)=>_8"b(z27") I] a
n=0 k=1

provided the series converges. Define
[e.e]
= [le)

provided the infinite product converges. Then for ¢(z,u) # 0

o0

F)p(z) = D B"b(z27")p(227"). (7.68)

n=0
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This form is quite useful in some computations, as we shall in see subsequent chapters. O

Finally, we deal with recurrence (7.57). The EGF z(z) of z,, satisfies
2'(2) = a(2) + x(2p)e*? + z(2q)e™
which becomes after the substitution X (z) = z(z)e™*
X'(2) + X(2) = A(2) + X (2p) + X (2q) . (7.69)

The above is a differential-functional equation that we did not discuss so far. It can be solved
since a direct translation of coefficients gives: Tp41 + T, = ap + Tn(p™ + ¢"). Fortunately,
this is a simple linear recurrence that has an explicit solution. Since

we finally obtain

n k—1 k—1 ) n n k—1 Q
B ()z M a-p —q]):xo—z<—1>k(k)zaz-—k, (7.70)
i=1 4

k=1 =1 Jj=i+1 k=1

where Qf = H?ZQ(l —p’ — ¢’), and @, is the binomial inverse of a,, as defined in (7.61).

Example 7.24 The Average Path Length in a Digital Search Tree
To illustrate this, let ¢,, be the expected path length in a digital search tree. Then for all
n>0

n+1—n+z< ) Fav R (g, + o)

with ¢y = 0. By (7.57) it has the following solution

=3} o

where @), is defined above. O

In passing, we should observe that solutions of the recurrences (7.55)-(7.57) have a form

of an alternating sum, that is,
- n

k=1
where f, has an explicit formula. In Section 8.5 we shall discuss in depth such sums and
provide a tool to find asymptotic expansions for these sums.
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We were quite lucky so far since we dealt mostly with linear recurrences of the first
order. However, this is not longer true when we consider b-digital search trees (discussed in
Section 1.1) in which one assumes that a node of such a tree can store up to b strings. Then,
the general recurrence (7.57) becomes

n n B
k=0
provided xg,...,xp_1 are given. Our previous approach would lead to a linear recurrence

of order b that does not possess a nice explicit solution. The culprit lies in the fact that
the exponential generating function of {x,5}°2 is the bth derivative of the exponential
generating function of {z,}°°,. We know, however, that the ordinary generating functions
of {x,45}5, translate into 27 °(X (2) — xg — -+ — 2p_12°"1), where X(z) is OGF of {x,}&.
This simple observation led Flajolet and Richmond [145] to reconsider the standard approach
to the above binomial recurrences, and to introduce the ordinary generating function into
the play. A careful reader observes, however, that then one must translate into ordinary
generating functions sequences such as s, = Y 1_g (Z) ap, (which was easy under exponential
generating functions since they become a(z)e?). In Example 11 we prove that

sn—zn:(';)ak — S(z)—11ZA<1jz> .

k=0

We shall return to this problem in Sections 9.4.1 and 10.5.2.

Example 7.25 A Simple Differential-Functional Equation
For example, recurrence (7.71) for p = ¢ = 1/2 and any b > 1 can be translated into

ordinary generating functions as
1 z
X = G
(2) 1—=2 (1 — z) ’

G(z) (14 2)° = 2:2G(2/2) + P(2),

where P(z) is a function of a, and initial conditions. The latter functional equation falls
under (7.66), and thus can be solved by the method presented above. However, for p # 1/2
an explicit solution is harder to find, and we must resort to an asymptotic solution. We shall
discuss it again in Section 10.5.2. O

7.6.2 Pattern Occurrences in a Random Text

Let us consider two strings, a pattern string H = hihs ... h,, and a text string T' = t1ty... 1,
of respective lengths equal to m and n over an alphabet S of size V. (In this section,
we drop our standard notation 4 for the alphabet since it is traditionally reserved in the
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pattern matching problems for the autocorrelation language defined below.) We shall write
S ={1,2,...,V} to simplify the presentation. We assume that the pattern string is fized
and given, while the text string is random and generated by a stationary Markovian source.
We also present results for memoryless sources. For the stationary Markov model, as always,
we denote the transition matrix as P = {p; ;}; jes, the stationary distribution as 7, and we
write [N for the stationary matrix that consists of V' identical rows equal to 7.

A word about notation: To extract a particular element, say with index (i,7j), from a
matrix, say P, we shall write [P];; = p; ;. Finally, we recall that (I — P)~™t = 3., P*

provided the inverse matrix exists (i.e., det(I—P) # 0 or [|P|| < 1 for any matrix norm || [|).
Below, we write P(H]) = Pr{Tf_ﬁk = H}} for the probability of the substring H} = h;...h;

occurring in the random text ﬂj:kk between symbols i + k and j + k for any k (in particular,
P(H) denotes the probability of H appearing in the text).

Our goal is to estimate the frequency of pattern occurrences in a text generated by a
Markov source. We allow patterns to overlap when counting occurrences (e.g., if H = abab,
then it occurs twice in T = abababb when overlapping is allowed; it occurs only once if
overlapping is not allowed). We write O,, or O, (H) for the number of pattern H occurrences
in the text of size n. We derive formulas for the following two generating functions:

T(T)(z) = Z Pr{O,(H) =r}z",

n>0
T(z,u) = Z TO) ()" = Z Z Pr{O,(H) = r}z"u"
r=1 r=1n=0

that are defined for |z|] < 1 and |u| < 1. We adopt here the presentation of Régnier and
Szpankowski [359], however, the reader is also advised to read Nicodéme, Salvy, and Flajolet
[326].

We use the unlabeled combinatorial structures approach to find T'(z,u). In the case of
strings, such structures are known as languages, and we use this term throughout this section.
We extend, however, the definition of languages to include languages defined on a Markovian
source. Therefore, we adopt the following definition.

Definition 7.7 For any language L we define its generating function L(z) as
L(z) = P(w)I"!,
weL

where P(w) is the stationary probability of word w occurrence, |w| is the length of w, and
we assume that P(€) = 1, where € is the empty word. In addition, we define H-conditional
generating function of L as

Ly(z) = Z Pw|w_p = hy - w_1 = hp)2"! = Z P(w|w=), = H)z",
weL weLl

where w_; stands for a symbol preceding the first character of w at distance 1.
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Since we allow overlaps, the structure of the pattern has a profound impact on the number
of occurrences. To capture this, we introduce the autocorrelation language and the autocor-
relation polynomial.

Definition 7.8 Given a string H, we define the autocorrelation set A as:
A={H,: H = Hy 0}, (7.72)

and by HH we denote the set of positions k satisfying Hf = HY . 1- The generating
function of language A is denoted as A(z) and we call it the autocorrelation polynomial.

Its H-conditional generating function is denoted Ag(z). In particular,

Ap(z) = Y P(H|HE)Z"" (7.73)
ke HH

for a Markov source.

Before we proceed, we present a simple example illustrating the definitions we introduced
so far.

Example 7.26 [llustration of Definition 7.8

Let us assume that H = 101 over a binary alphabet S = {0, 1}. Observe that HH = {1, 3}
and A = {¢,01}, where € is the empty word. Thus, for the unbiased memoryless source we
have A(z) = 1+ %, while for the Markovian model of order one, we obtain Ajp1(z) =
1+ propo12°. U

As mentioned above, we want to estimate the number of pattern occurrences in a text.
Alternatively, we can seek the generating function of the language 7 that consists of words
containing at least one occurrence of H. We will follow this approach, and introduce some
other languages to describe 7.

Definition 7.9 Given a pattern H:

(i) Let T, be a language that consists of all words containing exactly r > 1 occurrences of
H.

(i) Let R be a set of words containing only one occurrence of H, located at the right end.
We also define U as
U={u: H-ueT}, (7.74)

where the operation - means concatenation of words. In other words, a word v € U if
H - u has exactly one occurrence of H at the left end of H - u.
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(i1i) Let M be the language:
M={w: H-w e 7Ty and H occurs at the right end of H - w},

that is, M is a language such that H - M has exactly two occurrences of H at the left
and right end of a word from M.

We now can describe languages 7 and 7, in terms of R, M, and Y. This will further
lead to a simple formula for the generating function of O,,(H).

Theorem 7.10 Language T satisfies the fundamental equation
T=R-M"-U. (7.75)

Notably, language T, can be represented for any r > 1 as follows:

T,=R-M"1.U. (7.76)
Here, by definition M := {e} and M* = J7°, M".
Proof. We first prove (7.76) and obtain our decomposition of 7, as follows: The first
occurrence of H in a word belonging to 7, determines a prefix p that is in R. Then one
concatenates a nonempty word w that creates the second occurrence of H. Hence, w is in
M. This process is repeated r — 1 times. Then one adds after the last H occurrence a suffix
u that does not create a new occurrence of H. Equivalently, Hu is such that u is in U, and

w is a proper subword of Hu. Finally, a word belongs to 7 if for some 1 < r < oo it belongs
to 7,.. The set union |J22; M"~! yields precisely M*. [

We now prove the following result that summarizes relationships between the languages
R, M, and U.

Theorem 7.11 The languages M, U, and R satisfy

UM = W-H+A—{e}, (7.77)
k>1

U-S = M+U-—{e, (7.78)
HM = 8§ R—-(R-H), (7.79)

where W is the set of all words, S is the alphabet set and + and — are disjoint union and
subtraction of languages. In particular, a combination of (7.78) and (7.79) gives

HU S—H-U=(S-R. (7.80)

Additionally, we have:
To-H=R-A. (7.81)
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Proof. All the relations above are proved in a similar fashion. We first deal with (7.77). Let
k be the number of H occurrences in W - H. By definition, £ > 1 and the last occurrence is
on the right: This implies that W - H C |J>; MF¥. Furthermore, a word w in Jz~; M¥ is
not in W - H if and only if its size |w| is smaller than |H|. Then the second H occurrence in
Hw overlaps with H, which means that w is in A — €.

Let us turn now to (7.78). When one adds a character s right after a word u from U, two
cases may occur. Either Hus still does not contain a second occurrence of H, which means
that us is a nonempty word of . Or a new H appears, clearly at the right end. Then us is
in M. Furthermore, the whole set M + (U — ¢€) is attained (i.e., a strict prefix of M cannot
contain a new H occurrence). Hence, it is in U, and a strict prefix of a U-word is in Y.

We now prove (7.79). Let x = sw be a word in H - M where s is a symbol from S. As
x contains exactly two occurrences of H located at its left and right ends, w is in R and =
is in AR — R. Reciprocally, if a word swH from S - R is not in R, then swH contains a
second H occurrence starting in sw. As wH is in R, the only possible position is at the left
end, and then z is in H - M. We now rewrite:

SSR-R=8-R-(RNS-R)=8-R— (R - H),

which yields H- M — H = (S —¢) - R.
Finally, we leave the derivation of (7.81) to the reader as an exercise. |

Now we translate the language relationships into the associated generating functions. We
should point out, however, that one must be careful with products of two languages (i.e.,
concatenation of two languages). For the memoryless source, the situation is quite simple.
Indeed, let £; and £y be two arbitrary languages with generating functions L1 (z) and La(z),
respectively. Then for memoryless sources the language £ = L1 - Lo is transferred into the
generating function L(z) such that

L(z) = L1(z)La(2), (7.82)

since P(wv) = P(w)P(v) for w € £1 and v € Ly. In particular, the generating function L(z)
of L=38"Lyis L(z) = zL1(z), where S is the alphabet set, since S(z) =Y ,c5 P(s)z = 2.

For Markovian sources P(wv) # P(w)P(v); thus property (7.82) is no longer true. We
have to replace it with a more sophisticated one. We have to condition L5 on symbols
preceding a word from Lo (i.e., belonging to £1). In general, for a K order Markov chain,
one must distinguish VX ending states for £; and VX initial states for L. For simplicity of
presentation, we consider only first-order Markov chains (i.e., K = 1), and we write ¢(w) for
the last symbol of a word w. In particular, to rewrite property (7.82) we must introduce the
following conditional generating function for a language L:

Li(z) = Y P(w,l(w) = jlwy =i)z"l.
weEL
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Let now £ =W - V. Then

Li(2) = Y piWi (Vi (2), (7.83)
1,jES

where W,ﬂ(z) and V}(z) are conditional generating functions for W and V respectively. To
prove this, let w € W and v € V and observe

P(wv) = ZP(wv, l(w) =7)

JjES

= > P(w, l(w) = j)P(u|t(w) = j)
JjES

= > > P(w, t(w) = j)pjiP(v|vy =1i) .
jeSies

After conditioning on the first symbol of W and the last symbol of V, we prove (7.83).
The lemma below translates (7.77)—(7.79) into generating functions.

Lemma 7.12 The generating functions associated with languages M,U, and R satisfy

1 m

R — An)+ P < 1_Z+F(z)), (7.84)
Un(2) = % (7.85)
R(z) = P(H)="-Un(2), (7.86)

provided the underlying Markov chain is stationary. The function F(z) is defined as follows

F(z) = —— S (P - m)n

Thi 1,50
for |2 <[ PIU|I7T.

Proof. We first prove (7.85). Interestingly, it does not need the stationarity assumption.
Let us consider the language relationship (7.78) from Theorem 7.11, which we rewrite as
U-S—U=M—e Observe that 3 ,cspijz = z. Hence, set U - S yields (conditioning on
the left occurrence of H):

Z Z P(wj|H)z" = Z Z P(w|H)z"! me-z =Un(z) 2z .

wel jeS €S weld f(w)=i JES

Of course, M — € and U translate into My (z) — 1 and Ug(z), and (7.85) is proved.
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We now turn our attention to (7.86), and we use relationship (7.79) of Theorem 7.11.
Observe that S - R can be rewritten as

Z Z P(jiw) 2™ = 22 ZZijM Z P(w|lw_; = i)z .

€S2 iweR JESIES iweER

But due to the stationarity of the underlying Markov chain 3, m;p;; = m;. As miP(wlw_q1 =
i) = P(iw), we get zR(z). Furthermore, in (7.79) H - M — H translates into P(H)z™ -
(Mg (z)—1). By (7.85), this becomes P(H)z™ -Upg(z)(z — 1), and after a simplification, we
prove (7.86).

Finally, we deal with (7.84), and prove it using (7.77) from Theorem 7.11. The left-hand
side of (7.77) involves language M, hence we must condition on the left occurrence of H. In
particular, {J,~; M" + € of (7.77) translates into #H(Z) Now we deal with W - H of the
right-hand side of (7.77). Conditioning on the left occurrence of H, the generating function
W (z)H(z) of W - H becomes

Wy(z)H(z) = Z Z M P(wH|w_1 = ((H))

n2>0 |lw|=n

= Z Z 2"P(whilw_y = (H))P(v = ha...hy|lv_1 = hy)2™ .

We have P(v = hy...hy|v_1 = h1)2™ = =—2™P(H), and for n > 0:

TI'hl

> Plwhifw_y = €(H)) = [P" gz p,

|lw|=n

where, we recall, ¢(H) = h,, is the last character of H. In summary: Language W - H

contributes P(H)z" [# > >0 P”Hz”L(H) . while language A — {¢} introduces Ag(z)— 1.
1 - sl

We now observe that for any symbols ¢ and j

1 1
— n"| = =
{anzz%) ] T; 1—2z

)

Using the equality P"*1 — M = (P — M)"*! (which follows from a consecutive application of
the identity MNP = M), we finally obtain the sum in (7.84). This completes the proof of the
theorem. |

The lemma above together with Theorem 7.10 suffice to establish the following main
result.
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Theorem 7.13 (Régnier and Szpankowski, 1998) Let H be a given pattern of size m,
and T be a random text of length n generated according to a stationary Markov chain over a
V-ary alphabet S. The generating functions T (z) and T(z,u) satisfy

TM(z) = REM Y)Uk(z), r>1, (7.87)
T(zu) = R(z)#MH(Z)UH(z), (7.88)
where
z—1
My(z) = 1+ OR (7.89)
1
Un(z) = Duls) (7.90)
R(z) = 2 P(H) DHl(z) (7.91)
with
Dp(z) = (1 — 2)Ag(2) + 2" P(H)(1 + (1 — 2)F(2)). (7.92)

The function F(z) is defined for |z| < R where R = IIPiHII as follows

F(z) = —[(P— )1 = (P — M)2)" 1, (7.93)

Thy

where hy and hy,, are the first and the last symbols of H, respectively.
For memoryless sources, F(z) =0, and hence

D(z)=(1—-2)Ag(z)+2"P(H)
with the other formulas as above.

Theorem 7.13 is a starting point of the next findings concerning the average and the
variance of O,. The limiting distribution of O,, is established in Example 8.8 of Chapter 8.

Theorem 7.14 (Régnier and Szpankowski, 1998) Let the hypotheses of Theorem 7.13
be fulfilled and nP(H) — oco. The expectation E[O, (H)| satisfies for n > m:

E[O,(H)]=P(H)(n—m+1), (7.94)
while the variance becomes for some r > 1

Var[O,(H)] =nci +c2+O(r™ "), (7.95)
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where
¢t = PH)2A4Ax(1)—1— (2m —1)P(H) +2P(H)Ey)) , (7.96)
¢ = P(H)((m—-1)@3m—1)P(H) — (m —1)(24u (1) — 1) — 24}(1))
2(2m — 1)P(H)*E; + 2E,P(H)?, (7.97)

and the constants E1, Es are

1

By = —[(P=MZ]u, b (7.98)
7Th1
1

By = —[(P"=MZ%p, 11, (7.99)
7Th1

where Z = (1 — (P — M)~} is the fundamental matriz of the underlying Markov chain.
For the memoryless source, E1 = Ey = 0 since P =T1, and (7.95) reduces to an equality
forn>2m —1. Thus
Var[O,(H)] = nc; + ¢ (7.100)

with

¢ = P(H)(2A(1) —1— (2m — 1)P(H)) ,
¢ = P(H)((m —1)(3m — 1)P(H) — (m — 1)(2A(1) — 1) — 24'(1)).

Proof. We first prove part (i). We evaluate the first two moments of T'(z,u) at u = 1, that
is, E[O,] = [2"|T'(z,1) and E[O, (O, —1)] = T"(z,1). From Theorem 7.13 we conclude that

Tu(z,1) = Z(Tlnlji(j;)’
Tou(2,1) 2sz(Ifl)J\_4Z§§)DH(Z) |

where T,(z,1) and Ty, (z,1) are the first and the second derivatives of T'(z,u) at u = 1. Now
we observe that both expressions admit as a numerator a function that is analytic beyond
the unit circle. This allows for a very simple computation of the expectation and variance
based on the following basic formula

I'(n+p)

A Ty

(7.101)

To obtain E[O,,] we proceed as follows for n > m:

E[O,] = [2"|Tu(z,1) = P(H)[z""™|(1 — 2)"? = (n —m + 1)P(H).
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Let
O(z) =22"P(H)My(2)Dg(z),

which is a polynomial for the memoryless source. Observe that

—1)2
2(z) = o) + (- @'V + ) + (- 177 (2),
where f(z) is a polynomial of degree 2m —2. It follows that [2"](z —1)f(z) is 0 for n > 2m —1
and, using formula (7.101), we get

(n+2)(n+1)

5 —®'(1)(n+1) +1¢”(1).

E[0,(O, —1)] = ["]Tuu(z,1) = (1) 5

Observing that My (z)Du(z) = Du(z) + (1 — z), we obtain (7.95). In the Markov case, we

have to compute the additional term

2T PUHYF(2)
e

where F(z) is analytic beyond the unit circle for |z] < R, with R > 1. The Taylor expansion
of F(z)is E1 + (1 — z)E3, and applying (7.101) again yields the result. n

In passing, we add that Nicodéme, Salvy, and Flajolet [326] extended these results to
patterns that are regular expressions.

7.6.3 Delange’s Formula for a Digital Sum

Let v(k) be the number of 1-digits in the binary representation of the integer k. Define

that is, the total number of 1-digits in the binary representations of the integers k =
1,2,...,n— 1. We want to derive an exact formula for S(n). We adopt here the presen-
tation of Flajolet et al. [134].
Let v9(k) be the exponent of 2 in the prime decomposition of k. We first prove that for
all k > 1
v(k) —v(k—1) =1—uvy(k). (7.102)

Indeed, let & = (dy, dm—1,.-.,1,0,0,...,0)2 be the binary representations of k with digits
d; € {0,1}. Observe that 1 is at position ve(k). Then k — 1 = (dp, dipp—1,...,0,1,1,...,1)9,
where 0 is at position va(k). Let M be the number of 1’s among the digits dy,, . . . , dy, (k) —1-
Then v(k — 1) = M + 1 and v(k) = M + va(k), and (7.102) follows.
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Now we proceed as follows. Summing up (7.102) from k& = 1 to some m — 1, and then
again summing from m = 1 to n — 1 we obtain

n—1 o n—1
S(n) = 3" (S(m) — S(m — 1)) = w — 3" (n— B)ua (k). (7.103)
m=1 k=1

But the sum on the right-hand side can be handled by the Perron-Mellin formula with m = 1.
Having this in mind, we shall prove the following result.

Theorem 7.15 (Delange, 1975) The sum-of-digits function S(n) satisfies

1 I 1 3
S(n) = ynlogyn-tn (2527~ = 2) 4 (ogy ), (7.104)

where F(x) is representable by the Fourier series
0 . .
F(.CI?) _ Z fke2mkx _ Z fk€27rzk:ac
kez\{0} k#0
with

1 C(xk) _ 2mik
In2xi(xx +1)° X = g

fx k # 0.

Proof. Expression (7.103) suggests to apply the Perron-Mellin formula with a; = vy(k) and
m = 1. In Example 18 we proved that the Dirichlet series V' (s) of va(k) is

V(S) _ Z UQk(Sk) _ 25(5)1’
k=1

hence by the Perron-Mellin formula (7.52) we obtain

S(n) = nn—1) n /22“'00 nsC(s) ds

_ S 7.105
2 270 Jo—ico 25 —1s(s+1) ( )

We now evaluate the integral in (7.105) by the closing-the-box method. We shift the
line of the integration to the left such that the new contour C consists of vertical lines at
R(s) = 2 and R(s) = —% and closed on the North and South at high +7". This contour will
enclose residues of the integrand at s = 1, s = 0 (a double pole) and simple poles at s = xi
for integers k£ # 0. To compute the residue at the double pole s = 0, we use the following
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expansions
11 )
C(s) = —5 55 In(2m) + O(s7),
n® = 14sln(n)+O(s%),
1 1 1
»-1 ~ sm2 3 9@
1 1

Multiplying the above and finding the coefficient at s~ we compute that the residue is equal
o 1 11

—iloan—logQﬁ—i— m — Z
The residue at xj for k # 0 gives F'(logyn), that is,

Cxw)

1
F(logyn) = — _ Sk
log2 1) = 5.5 ke%:{o} Xib + 1)

Summing up, we obtain

1 n’C(s) ds 1 logy 7 1 3
= gnl — 575 — ;) nfd —nR(n).
27”/025—18(8“) 2" Og2n+n( 2 2In2 4)” (log ) = nR(n)

It remains to prove that the integral over the South/North line vanishes at 7' — oo, and that
R(n) = 0.

Let us first estimate the integral over the horizontal lines at positions £7'. Due to the
bound (2.47) for the ((s) function, we have

‘ /2izT nSC ds

n\?2 1 B —5/4
o 25_18(8+1) <@ () 72 = 0@,

Thus the integral vanishes at T" — oo.
To prove R(n) =0 we use (7.54). We have

Ro) = o e ni((s) ds 1 / I ) 5 (g

271 J1/4—ico 25 —1 s(s+1) 271 J—1/4—ico s(s+1) o
_ Z / 1/4+zoo k:n)s ds
156 27 J-1/4-ico s(s+1)
(724) 0,

where the second line is justifiable for (s) < 0 since both the series and the integral converge
absolutely. This proves the theorem. |
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7.7 Extensions and Exercises

7.1 Prove (7.16).

7.2 Derive a closed-form formula for the Bell numbers.

7.3 Derive (7.35) from the Lagrange formula.

7.4 Let

n n o
Sp=> <k>akpkq F,

k=0

where p+ ¢ = 1, and ay, is a given sequence. Let S(z) and A(z) be ordinary generating
functions of .S, and a,, respectively. Prove that

7.5 Consider the following sum

Define

Prove that

1 pz
pr A .
5(2) 1—gqz (l—qz)

nn
sk(z) = Z Smkﬁzn.
n>0 '

si(z) = 2" B(z)BW(2),

where B(z) = 1/(1 — T(z)) is defined in (7.35), and B*)(z) denotes the kth derivative

of B(z).

7.6 Let for 2| <1

Prove the following;:

Ml(z)

MQ(Z)

M(z) = Z 2" log n.

n>1

n>1 <

1 (M
Z 2" log(2n)! = = < V2)
= 2\1—-+/z

. M(—ﬁ)) |

1+z



252  Generating Functions

7.7 A Let 0 < p < 1. For fixed integer M and all 0 < £ < M, define

n —f—
m(l) = Z <£ N kM>p£+kM(1 —p) (—kM
k>0

Prove that for all 0 < /¢ < M we have

7(6) = — +O0(p"),

1

M
where p < 1.

7.8 A Prove that the variance Var[X,] of the quicksort complexity (discussed in Exam-

ple 17) is
Var[X,] = ™n® — 2(n+ 1)H,, + 13n — 4(n + 1)2HD?,

where HY = b=t k%

7.9 A Let A(s) =>_,>1 ¥ converge absolutely for o = #(s) > o.. Prove that for o > o

1 (7T ,
lim — A it)n i dt =
Ao | (o0 +it)n°"dt = a,

for all n > 1.
7.10 Prove (7.61) and (7.65).
7.11 Show under what conditions on the function a(s) the following is true:

1 m—1/2+ico wds

> 1fak) = o [

= — a(s)— )
= 270 Jm—1/2—ico sin(ms)

7.12 A Let ‘H be a set of patterns (e.g., set of all strings that are within given distance
from a given pattern H). For such a set we define the correlation language A and the
correlation matrix A(z) as follows: Given two strings H and F', let A be the set of
words:

A={Fly Hy o = Fi,
and the set of positions k satisfying Fff = H™ , 41 is denoted as HF. Let A(z) =

{An,n,(2)}ij=1,m be the correlation matriz, where Ap,p,(2) is the correlation poly-
nomial for H; and H;. Let O,(H) be the number of patterns from H occurring in a
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random text of length n generated by a memoryless source. As in Section 7.6.2 we write

T () = Y PH{On(H) =r}2",

n>0
T(z,u) = Z T ()u" = Z Z Pr{O,(H) =r}z"u".
r=1 r=1n=0

Prove the following theorem.

Theorem 7.16 (Régnier and Szpankowski, 1997) Let H be a given set of patterns
of length m, and T be a random text of length n generated by a memoryless source. The
generating functions T (z) and T(z,u) can be computed as follows:

TM(z) = RY ()M U(2),
T(z,u) = RY(2)u(l —uM(2))1U(2),

where
M(:) = (D()+ (=~ DD
(I-M(z)"" = A(z)+1%z1-Ht,
UG) = (M) 1,
RI(z) = = H'-(1-M(:),
and

D(z) = (1 — 2)A(z) + 2™1 - H-.

In the above, H = (P(Hy),...,P(Hp))t, upper index t means transpose, and A(z) =
{Am, 1,(2)}ij=1.m is the matriz of the correlation polynomials of patterns from the set
H.

Derive from the above the average and the variance of O,,(H).
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Chapter 8

Complex Asymptotic Methods

Summary: Asymptotic methods play an essential role in the analysis of algorithms, infor-
mation theory, and other problems of engineering and science. In this chapter, we primarily
focus on the methods of precise asymptotic estimates. Precise analysis of algorithms was
launched in 1962 by D.E. Knuth, who analyzed in his “Notes on Open Addressing” hash-
ing tables with linear probing. We discuss a variety of (mostly analytic) asymptotic tech-
niques such as the Euler-Maclaurin summation formula, methods of applied mathematics
(i.e., method and matched asymptotics), asymptotics of generating functions (polar singu-
larities and algebraic singularities), saddle point method, methods of evaluating finite sums
(e.g., Rice’s method), and limiting distributions. In the application section, we enumerate
words with approximate self-overlaps, discuss minimax redundancy for memoryless sources,
and derive the limiting distribution of the depth in a digital search tree.

N THE ANALYSIS OF ALGORITHMS we often aim at predicting the rates of growth of

time or space complexities for large inputs n. Such analyses rarely produce exact expres-
sions that are easy to use or provide insight into the dependence of the algorithms performance
on the parameters of the problem. In fact, quite often we end up with a complicated sum,
an integral, a recurrence, or even a functional equation. In such situations, one may turn to
an asymptotic analysis. It allows one to focus on those terms of the solution that contribute
most to the answer. The extra insight from the asymptotic analysis may improve the perfor-
mance of an algorithm since we simply focus on precisely those parts of the algorithm that
affect the leading terms of the asymptotic solution.

Asymptotic analysis can be approached from many angles. We have already used “big-
oh” notation. Basically, f(n) = O(g(n)) if f(n)/g(n) is bounded from above for n sufficiently
large. A more precise expression is © notation that assures |f(n)/g(n)| is bounded from below
and above for sufficiently large n. There are situations, however, when such asymptotics are
still too crude and one must turn to asymptotic expansions.

255
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Let us consider an example from data compression. Assume that we are to compress a
binary string of length n. Knowing that the ratio of the lengths of the compressed string and
the original string is ©(1) is not too helpful! As a matter of fact, we would like to know how
close this ratio is to the entropy of the source (see Chapter 6) in order to estimate how far
away we are from the optimal compression. Thus, we need at least the first-order asymptotic
expansion. But Jacob Ziv in his 1997 Shannon Lecture [459] presented compelling arguments
for backing off to a certain degree from the first-order asymptotic analysis of information
systems, in order to predict the behavior of real systems, where we always face finite (and
often small) lengths (of sequences, files, programs, codes, etc.). One way of overcoming these
difficulties is to increase the accuracy of asymptotic analysis and replace first-order analyses
(e.g., a leading term of the average code length) by more complete asymptotic expansions,
thereby extending their range of applicability to smaller values while providing more accurate
analyses (like constructive error bounds, large deviations, local or central limit laws).

Another example provides a vast area of combinatorial optimization (see Section 1.5). Let
us consider the problem that we have already discussed in Section 1.4, namely, the shortest
common superstring problem. It is an NP-hard problem, but in Section 6.5.2 we proved that
with high probability the ratio of the optimal solution to a greedy solution tends to 1 as the
size of the problem n — oo. In this case, it is again important that the ratio is close to 1,
not just bounded. How good is this approximation? Well, we then need more terms in the
asymptotic expansions.

The analysis of algorithms that aims at precise information about algorithm performance
was launched on July 27, 1963 by Donald E. Knuth in his “Notes on Open Addressing.”
Generally, an asymptotic expansion we have in mind is a series that represents a complicated
expression in a certain limiting sense. More precisely, if x,, denotes a quantity of interest with
input size n, we may look for a simple explicit function a,, (e.g., a,, = logn or a,, = \/n) such
that =, ~ a, (i.e., lim, o zp/a, = 1) or we may be aiming at a very precise asymptotic
expansion such as x, = al +a2 +---+o0(ak), where for each 1 < i < k we require that a’;"! =

) n
o(al). The “little oh” notation is another example of “less precise”asymptotic information

n
and it means that a’'/af, — 0 as n — co. Hereafter, we mostly discuss analytic methods of
asymptotic analysis. As argued by Odlyzko [330]: “analytic methods are extremely powerful
and when they apply, they often yield estimates of unparalleled precision.”

This chapter begins with definitions of asymptotic notation. We used some of them
already in this book, but here we extend them to complex functions and introduce more
rigor. Following that, we present a few tools used in asymptotic analysis. We start with
elementary methods such as the Euler-Maclaurin summation formula, methods of applied
mathematics (e.g., WKB and matched asymptotics), and sequences distributed modulo 1.
We illustrate every method by an example taken from analysis of algorithms or information
theory. Then comes our main topic, namely, how to extract asymptotic information from
generating functions that are known either exactly or approximately. We first deal with
the small singularities of analytic functions, that is, either polar singularities or algebraic
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singularities. Then we turn our attention to large singularities and discuss saddle point
methods. We also discuss certain finite sums (e.g., alternating sums) that occur in analysis
of algorithms and are not easy to evaluate by direct methods. We represent these sums by
complex integrals and use the tools of this chapter to compute them (we have already seen
this approach in Section 7.6.3). Finally, we study limiting distributions through generating
functions and analytic tools described in this chapter. In the application section, we discuss
how to enumerate words that approximately overlap, deal with interesting problems of code
redundancy, and finally derive the limiting distribution for the depth in a digital search tree.

The standard reference in asymptotic analysis is of De Bruijn [84]. The reader is also
referred to an excellent recent survey by Odlyzko [330] on asymptotic methods. Detailed
coverage of many topics considered here may be found in Knuth, Graham and Patashnik
[169], Greene and Knuth [171], Hofri [197], Knuth [267, 268, 269], Sedgewick and Flajolet
[383], Olver [331], and Wong [450]. The reader will find many interesting methods and
examples of a combinatorial nature in the forthcoming book by Flajolet and Sedgewick [149].
The book by Greene and Knuth [171] is a joy to read and highly recommended.

8.1 Introduction to Asymptotic Expansions

In this section, we formally introduce the Poincaré notion of an asymptotic expansion. This
concept is quite important since it enables us to manipulate a large class of divergent series
— often arising in the analysis of algorithms — in much the same way as convergent power
series. Even more important, in the spirit of Ziv’s remark mentioned in the introduction,
asymptotic expansions enable us to obtain numerical and quantitative results of increasing
accuracy.

8.1.1 Definitions and Notations

Let S be a point set in the complex plane and zg a limit point of S. For two complex functions
f(2) and g(z) defined on & we write

f(z) =0(g(2)), 2z — 20 (8.1)

to mean that there exists a constant K and a neighborhood U(z) of zp such that |f(z)| <
Klg(z)| for all z € SNU(z0). If |f(2)| > K'|g(2)] for a constant K’ > 0, then we denote

f(z) = Q(g(2)). Furthermore, if f(z) = O(g(2)) and f(z) = Q(g(2)), then f(z) = O(g(2)).
We shall also use the little-oh notation

f(z) =0(g(2)), 2= 20 (8.2)

if for every ¢ > 0 there is neighborhood U.(zp) of zy such that |f(z)| < ¢|g(z)| for all
z € SNU(z0). Finally, if f(z)/g(z) — 1 for z — zg, then

f(z) ~9(2), 2=z (8.3)
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Observe that (8.3) can be also written as f(z) = (1 + o(1))g(z).
We mostly have either zy = 0 or zg = co and restrict S either to a sector

Sap=1{2: 0<|2] <00, a<arg(z) <},

in the complex plane, to the set of nonnegative integers S = N, or to the set of all positive
reals S = RT. We write Sy = S_p for a symmetric sector in the complex plane. Finally, we
say that the relations O or o are to hold uniformly in a set of parameters A, if the constant
K in the big-Oh does not depend on A in this set.

Here are some examples:

2
T(z)—1+\/2(1—€z)+§(1—ez) = O((1—e2)*?), zp=e1, S = 8x/2,
log(1 + av/z + bz + ca/?) — av/z — (b — 1a2)x = O(z%?), 20=0, &S=RT,

2
nl o~ "2 /on 2o =00, S=N,

where T'(z) is the tree function defined in Chapter 7 (e.g., see Example 7.15).

In many applied problems one must deal with divergent series that nevertheless give an
excellent numerical approximation. To handle it, Poincaré introduced in 1886 asymptotic
power series. For z € Sy when zp = oo Poincaré defined: A power series Y o2 anz™" is
called an asymptotic expansion of f(z) defined on Sy if for every fized integer N > 0

N
flz)= Z anz "+ 0>z~ 2 5 . (8.4)
n=0

If (8.4) holds, we write

o0
f(z) ~ Z anz™ ",z — oo.
n=0

Poincaré’s asymptotic expansions are too restrictive for our applications. For example,
the average height in a PATRICIA trie built from n independent strings generated by an
unbiased memoryless source is logy n + y/2logy n + - - -, while the average height in a digital
search tree is logy n + /2logy n — logy \/2logyn + - as n — oo (cf. [259, 260]). These are
legitimate asymptotic expressions, but they do not fall under the Poincaré definition. To
encompass them, we define below generalized Poincaré-type asymptotic expansions.

A sequence of functions ¢y(2) is said to be an asymptotic sequence as z — zg in S if

rr1(2) = o(dr(2)), 2z — 2o, (8.5)

for all k. The original Poincaré definition is recovered if one sets ¢y (z) = 1/2* and 2y = oo.
The function f(z) is said to have an asymptotic expansion of order N with respect to the
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asymptotic sequence {¢y(z)} if there exist constants ay such that

N
f(2) =D awdr(z) + olon(2)), z— 2. (8.6)
k=0
If the above holds for all N, then we write
f(z) ~ Z apdr(z), 2 — 20
k=0

Observe that the above expansion is unique since one can determine the constants aj by
means of
k—1
ap = lim <f(z) - z;) ai¢i(2)> [ Pr(2)-
7=
If the constants a, = 0 for all k, then such an asymptotic expansion is called asymptotically
zero with respect to a given asymptotic series {¢y(z)}. For example,

e " ~0-140-271 40272+, =00

is asymptotically (exponentially) zero as x — oo in & = RT. If f(2) is asymptotically zero,
we shall write f(z) ~ 0. It is usual to replace such functions by zero in any stage of a proof
establishing the validity of Poincaré asymptotic expansion. We shall follow this approach in

this book.
Here are some examples of asymptotic expansions as x — oo in S = R*

1 i (—1)F1
1+ = k7

o -1, —t :
/0 (t+z) e tdt ~ > v ,

—logx

~ 0.

x

It is worth pointing out that the series on the right in the second example above is not
convergent, but we get better approximations (for larger value of x) to the integral by taking
more terms of the asymptotic series.

Asymptotic expansions can be manipulated as convergent series; however, some caution
must be exercised with differentiation. In Exercises 1 and 2 we ask the reader to prove some
of these facts.

We also should point out that asymptotic expansions of a complex function f in a sector
Sp may crucially depend on . For example, exp(—1/z) ~ 0 for z — 0 in any sector contained
in S; /5, but for purely imaginary z = iz we have [exp(—1/2)| = 1, so the asymptotics break
down.
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8.1.2 From Taylor Expansion to Asymptotic Series

We end this section with a useful result that allows us to compute asymptotic series of a
complex function f(z) as z — oo from its Taylor series at z — 0. We shall follow Ford [159].
Let f(z) be defined by the power series

flz)= Z anz", z—0 (8.7)
n=0

with a positive radius of convergence. We aim at finding conditions under which there exist

coefficients b,, such that
o
b
f(z)wzz—z, Z — 00 (8.8)

n=1

in a sector of the complex plane. Throughout, we assume that

(A) there exists an analytic function a(w) in the right half plane R(w) > 0 such that

a(w)‘w:n = an (89)
where w = x + 1y.

As the first step, we represent the function f(z) as a complex integral. We have already
seen this trick in Section 7.6.3. This method is surprisingly successful while dealing with
finite sums and infinite series. The thrust of this approach is to evaluate the integral through
the Cauchy residue theorem (see Section 2.3). Under certain conditions such an integral can
be evaluated inside and outside the contour of integration leading to two different representa-
tions. We shall see how it works in the problem at hand (see Section 8.5 for a more detailed
discussion).

We start with a simple observation: If P(w) is analytic around a given point a and Q(w)
has a simple pole at a, then by Cauchy’s theorem

1 P(w) w— P(a)
2mi /C(a) Q(W)d Q'(a)’ (8.10)

where the integration takes place around a sufficiently small closed contour C(a) encircling
the point w = a in the positive direction. Let us now set

P(w) = ma(w)(—2)", Q(w) = sinnw,

where (—2z)" is understood as a single-valued function in the sector 0 < arg(z) < 27 (which

excludes the positive half of the real axis), defined as follows

(—2)" = exp (wlog(—2)) = exp (w(log |z| + i(arg(z) — 7)), 0<arg(z) <2m.  (8.11)
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%‘(w)

—l—%—i—ip w=x+1p

2n+%—|—ip

—l—%—ip W=z —1ip 2n—|—%—ip

Figure 8.1: The integration contour C, ;.

We write Sg = {z: 0 < |2] < 00, 0 < arg(z) < 27 — 0} for some 0 < 6 < 7/2; that is, Sy
is a set in the complex plane that excludes the sector Sy around the positive half of the real
axis (e.g., for # = 0 we exclude only the real positive half axis).

Let C,,; be a contour, shown in Figure 8.1, that surrounds each of the following points:
w=—-l,—l+1,...,—1,0,1,...,2n—1,2n, where [ is a positive integer. Since for any integer
keZ

™ (=1)*

sinrw  (w— k) +0@),

the Cauchy residue theorem,! (cf. (8.10)) leads to

L/ ma(w)(=2)" , zl: a(zm) %a(k)zk (8.12)
2mi Je,, sinmw = = ' '

We now evaluate the integral in (8.12) along the four line segments of the curve C,,; shown
in Figure 8.1, namely, the lines w = —[ — % + iy, w = 2n + % + 4y and w = x £ ip, where
—o0o < x,y < oo and we allow p to be positive and large. We denote by D, and D_, the

!The reader may want to go back to Section 2.3 to review some facts from complex analysis.
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contributions of the integral along the upper and lower horizontal lines, respectively. For D,
we observe that for w =z + ip

sin 7w = sinh 7wp(sin 7z coth mp + i cos ),

which yields

p

(—z)P /4% a(x +ip)(—z)*
2

~ 2isinh7p nti sinmzcothmp + icos

To assure that D, — 0 as p — 0o, we adapt another assumption regarding the function a(w):

(B) for sufficiently large y and any positive € > 0
la(x + iy)| < Kel, (8.13)
where K is a constant that may depend only on €.

In other words, a(w) cannot grow faster than exponentially along any line parallel to the
imaginary axis.
Suppose for the present that z € Sp is real and negative so that | — 27| = 1. Then

—z)%dx,

K eEP /2n+%

D e
Dyl 2sinh7p /-1

since
| sin 72 coth 7p + 4 cos wx|* = sin® 7wz cosh? mp + cos? x> 1.

In summary,

plggo D, =0.
In a similar manner we prove that

lim D_, =0.

p—00

Next, let us consider the integral along the vertical right line w = 2n + % + 4y, which we
denote as D,,. Since

sin mw = sin(7/2 + imy) = cosimy = cosh 7y,

we arrive at (imposing p — 00)

D, =

(—z)2”+% /00 a(2n + % +iy)(—2)% ay

2 —co cosh y
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Under hypothesis (B) we deduce that the integral above converges absolutely. Restricting
further z to the real segment —1 < z < 0 we certainly have
lim D, =0

n—oo

for —1 < z < 0. Soon we extend the validity of these estimates to S.
Finally, we deal with the left vertical line w = — — % + 4y, which contribution we denote
as D;. We obtain

(=2)7173 % a(=1— 3§ +iy)(—2)"

/ dy.
2 o0 cosh 7y

Under hypothesis (B) this integral converges absolutely for —1 < z < 0.
In view of the above we conclude that (8.12) becomes

1

f(2) = (_1)1 (—Z)2l§ /Oo a(—1— % + iy)(_Z)iy dy — Z a(—m) (8.14)

—c cosh my

for n — oo as long as —1 < z < 0.

We now analytically continue the solution (8.14) to the sector Sy (excluding real positive
z). For this we define a subsector Sp;s C Sy for any § > 0 in which we prove that the
integral in (8.14) converges. It suffices to show that the integral converges for y € (—o0, —d)
and y € (d,00) for arbitrarily large d. Let z = [z|(cos¢ + ising) € Sp,s. Then under
hypothesis (B) and (8.11), the above two integrals are bounded by

—d o= (¢—m+e)y 0 e—(¢>—7r—€)y
K / —dy; K / —dy,
—co cOshmy d cosh y
which converge uniformly for z € Sy .5 Thus the integral in (8.14) defines an analytic
function and this representation is valid inside Sp. But the factor (—z)_l_% will assure that

the last omitted term in (8.14) is o(z7") leading to an asymptotic expansion. More precisely,
it remains but to note that (8.14) is of the form

l

f(Z) — _ Z a(z_n:n) 4+ 77(271)’

P

m=1

where 7(z,1) = O(1/y/z) — 0 as |z| — oc.
In summary, we proved the following theorem.

Theorem 8.1 Let f(z) be analytic and have the following power series representation
o0
f(z):Zanzn’ z—0
n=0

with a positive radius of convergence. Assume a,, possesses an analytic continuation a(w)
with w = x + iy such that hypotheses (A) and (B) are satisfied, that is,
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(A) there exists an analytic function a(w) in the right half plane R(w) > 0 such that

a(w)|w=n = an
(B) for sufficiently large y and any positive € > 0
la(z +iy)| < KeY,
where K is a constant that may depend only on €.

Then the function f(z) defined in any sector Sy (for arbitrary small 0 > 0) that excludes the
positive half of the real axis can be represented by the following asymptotic series

f(z) ~ = i % z— 00 (8.15)
m=1

in Sp.
In passing, we point out that if a(w) is not analytic but has some singularities, then one
must subtract this contribution from the left-hand side of (8.15).

Example 8.1 Asymptotic Expansion of a Series
Let us consider

(o ¢] Zn
z) = , z—0,
=3

where w is a constant not equal to zero or a negative integer. In this case, we have a(w) =
1/(w + w), which clearly satisfies hypotheses (A) and (B) everywhere except w = —w, where
there is a pole of a(w). Proceeding as above, we end up with an equation like (8.12) with
additional term on the right-hand side coming from the residue at w = —w. This residue
depends on whether w is a positive integer. In the former case, we have a double pole at
w = w, in the latter just a simple pole. Let us handle first the latter situation; we assume

that w ¢ N. Then
Res (% v _w> __m(=2)
(w+ w)sinTw’ sinTw

For w € N, say w = K, we have at w = —K a double pole of 1/sin7K and 1/(w + w). To
find the residue of

m(—2)"
(w+ K)sinmw
at w = — K, we expand the functions involved in the above expression into the Taylor series
around w = —K. Note that
K 2
(w+K)sinrw = (—1)r(w+ K)? (1 B o + K>4>) ,

m(=2)" = w(=2)K (14 (w+ K)log(~2) + O((w + K)?) .
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Upon finding the coefficient at (w + K)~! we arrive at

m(—z)"

— Y w=-K)=z2Klog(—2).
Res<(w—|—K)sin7rw’w > z og(—z)

In summary, we obtain

fz) ~ T2 2 wEN

sin Tw — (w—n)
and log(—2) )
og(—=z
flz) v ———— = —— w=K €N,
2K n;( (K —n)z"
where the last sum is over all nonnegative integers not equal to K. O

It is to be noted, finally, that if instead of the original series f(z) = >, >0 an2" we start
with

o0

=> a

where a(w) satisfies hypotheses (A) and (B), and if we replace ma(w)(—2)" by ma(w)z"*
defined in the sector S;, then the asymptotic expansion

is valid in any sector Sy that excludes the negative half of the real axis. The reader is asked
in Exercise 3 to prove the following:

(=1t
log(l14+2z) = ZT{L‘, x — 0,
k=1
0 1 k—1
= logﬂc+z( ]Z % - o0
k=1

Observe that above we have = (not ~) for both limits.

8.2 Basic Methods

In this section we discuss asymptotic methods that are not based on extracting singularities
of generating functions. We start with the Euler-Maclaurin summation formula, followed
by methods of applied mathematics such as the WKB method and matched asymptotics.
Finally, we deal with sequences distributed modulo 1 in order to estimate certain sums
involving fractional parts.
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8.2.1 Euler-Maclaurin Summation Formula

From a first course of calculus we know that there is a relationship between integrals and
series. In fact, when the function f is monotone, then Y .., f(k) is well approximated by
Ji" f(z)dz. (The reason that one prefers the integral over the sum lies in the fact that such in-
tegrals are usually much easier to evaluate.) The Euler-Maclaurin summation formula makes
this statement very precise for sufficiently smooth functions. It finds plenty of applications
in discrete mathematics, combinatorics, and analysis of algorithms.

Let f be a differentiable function defined on the interval [m,n], where m < n are integers.
Observe that for any m < j <n

U2 7L (=i 5) s as

= jj+1 (x)dx + /jj+1 (x —-Jj- %) f'(z)dx, (8.16)

where the last line follows from integration by parts, and the fact that Bj(z—j) = %(m —j—

2) =1 and By(1) = —B;1(0) = 1, where By () is the first Bernoulli polynomial. Definition
and properties of Bernoulli numbers and Bernoulli polynomials are reviewed in Table 8.1. If

we write Bi(z — |z]) =2 — |z] -3 =2 —j— 1% for j <2 < j+1, and sum (8.16) over
j=m,m+1,...,n— 1, we immediately obtain

n—1 n n
> s+ I pyan s (M B e @ 817

k=m+1 2 m m
This is a particular case of the Euler-Maclaurin formula.
Example 8.2 Moments of Nonnegative Random Variables
Let M,, be a sequence of nonnegative random variables having all moments such that
E[M}] = o(E[M}F*1]) with respect to n. For fixed k, we calculate the (k + 1)st moment of
M, as

E[MfL]) = i m*Pr{ M, = m} = i m* Y Pr{M, >m —1} — Pr{M, >m})
m=0 m=0
= i ((m + 1) — PP, > m}
m=0
= (k+1) > m*Pr{M, >m} + O(E[M}]) ,
m>0

where the last line follows from the identity: a* — b* = (a — b)(a¥~! + a*=2b + --- + bF1).
Using the Euler-Maclaurin formula we shall show that

> mPr{M, > m} = /Ooo *Pr{M,, > x}dz + O(E[Mj),

m>0
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Table 8.1: BERNOULLI NUMBERS AND POLYNOMIALS

1. The Bernoulli numbers B, for m = 0,1, ... are defined by the expression
e > ot <2 (8.18)
k=0
Since ett—l =—t+ %, hence all Bernoulli numbers with odd index m > 3 are zero; that is,
B3 =Bs=---Bypy1 =---=0.
2. Bernoulli polynomials By, (x) of order m = 0,1,2,... are defined as

th |t < 27 (8.19)

te®t By(x)
|

et—lzkz::() k!

In particular, By(z) = 1, By(z) =z — 5 and By(z) = 2? — z + ¢.
3. Properties of Bernoulli polynomials directly following from the definition:

Ba(l—2) = (~1)"Bula), (8.20)
Bn(0) = Bm, (8.21)

Bl (z) = mBp-1(x), m>1, (8.22)

|Bon(x)] < |Bonl, 0<z<1, (8.23)

The first property follows from gfftl = Gt):il,:l)(it) while the other two are obvious. The

last is a consequence of the fact that B, (z) for « € (0,1) achieves maximum at z = % and
Bon(3) = (217" — 1) Byy,.
4. Asymptotics. Consider now n > 1 and evaluate By, by Cauchy’s formula

Bgn . ij{ dz
(2n)!  2mi S 22(er — 1)

Computing the residue at z = +2wik, k =1,2,... we find

By = 21" () g ~ 21" (8.24)

where the asymptotics follow from ((n) =1+ O(2™") as n — 0.
5. The Euler function P,,(z) are defined as periodic functions of period 1 such that

Pu(z) = B:l("":), 0<z<1, (8.25)
Pa(0) = Pm(l):%, m . (8.26)

By (8.22) we have P) (x) = Py(x) for m > 1.
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straightforward and left as an exercise.

Table 8.2: ABEL’S PARTIAL SUMMATION FORMULA

One often has to deal with sums like ), a;b;, where a;,b;, 1 < ¢ < n are two real-valued
sequences. A basic technique to handle such sums is Abel’s partial summation formula. Let

A(k) ;aj,
A(E) é:_kaj.
Then
jznjlajbj = :Zi A(K)(br, — be—1) + A(n)by (8.27)
- nz__é An —i = 1)(big1 — by), (8.28)

where by = 0. The formulas work fine for n = oo provided the series involved converge. In
this case the last term in (8.27) is not necessary. A derivation of Abel’s formula is pretty

where, for illustrative purposes, we assume that Mn is a continuous approximation to M.
Indeed, after applying (8.17) with m = 0, n = co and f(x) = 2*Pr{M,, > z} we arrive at

m>0

But

S mFPr{M, > m} = /OOO (M, > z}de + O </O°° |f’(x)|d:c> .

/Oo (ﬁ%m{ﬁn > 2} + ka* ' Pr{D, > x}) d = O(E[M"]).
0 x

In summary;,

BMFY = (k + 1) /OOO 2P, > a}de + O(E[MF])

for fixed k.

We now refine (8.17) by having a closer look at the last term, that is,

Jj+1

Bi(z — [x])f'(z)dx

J
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for j = m,...,n — 1. It turns out that instead of working with the Bernoulli polynomials
By, (z—|z]) it is more convenient to use Euler’s function Py, (x) = By, (x—|x|)/m! (cf. (8.25)-
(8.26)) of Table 8.1) since they are periodic with period 1 and such that P, ,(z) = Py(x).
Integrating by parts the above integral gives

J+1 , /. Iy A 7

U P e @de = PO G+ - SG) - [ Pl @)da

J j
since P, (0) = Py (1) = By /m! for m > 1 (cf. (8.26)). Summing up over j =m,...,n —1,
and plugging into (8.17), we finally obtain

n—1 n
> s+ LI T s B )~ pom))

|
e/ 2 m 2!

Using mathematical induction and properties of the Bernoulli numbers and polynomi-
als (in particular, (8.23) and (8.24)) we can generalize the above procedure leading to the
following theorem.

Theorem 8.2 (Euler-Maclaurin) Suppose f has continuous derivatives up to order s.
Then

> 09 = [ pe )P (f ) D m) (5.29)
m =1

_1)371

/ " By(w — |2))F©) (2)do (8.30)
- /m 2)de + 2 () = 5 (m)

N Z By (f@e D) - fE(m)) + 0 ((2m)~%5) /7: |f29) (@) da,

= 1
where S = [s/2].
Proof. The first part (8.29) follows directly from our discussion above. To derive the error

bound in (8.30) we observe that only even terms in the above sum contribute since Boj1 = 0
for k > 1. We set S = [s/2] and use (8.22) together with (8.24) to prove (8.30). [

Example 8.3 Asymptotic Fxpansion of the Fuler Gamma Function
Let us compute logI'(z) for z € C — (—00,0). We start with the Euler representation for

the gamma function,
2 k E+1\*!
I'(z) = 1
(2) ”520,}112%—1( k ) ,
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which implies

logF(z):Jirréo<(z—1 log(n + 1) Z Z+k )

We apply the Euler-Maclaurin formula to the above sum; that is, we assume m = 0 and
f(z) =log(x + 2z —1) —logz in (8.29). This leads to

n _ 1 n
Z log kol log z + / (log(x + 2z —1) — log x)dx
k=1 k !

_|_
TMg

By, ( 1 1 1 +1>
22— ) \(n+z— 1% 21 221

+ —(log(n+2z—1)—logn —log z)

1 1
Bop (x — — dx.
* Qm/ 2 )<(z—|—x—1)2m x2m> .

In the above we used By = 1/2 and By = 0 for k > 1. After computing the first integral
and taking the limit n — oo we finally arrive at

1 1
logT(z) = (z——)logz z+1+§:2‘7 2 — 1) <22j1—1>

— o [ Bt = e (e — )

Further simplification can be obtained for z — oo knowing that

l\DlH

1
lim (logI'(z) — (z — 1/2)log z + 2) = 510g27r.

Z— 00

Then one obtains Stirling’s formula

Ba; 1
logl'(z) = <Z——>10gz—z+z 2j(2j — 1) 221

Bop(x — |x])
1 2 ———"d
Toglosem 2m/ (z + z)?m

for z — oo in C — (—00,0). This leads directly to the Stirling asymptotic formula for n!,
namely,

n 1 1 139
Lo vem (2) (1 _ 8.31
" o (e) ( t 1on T 28802 514003 T ) (8.31)
as n — 00. a
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8.2.2 Matched Asymptotics and the WKB Method

Numerous problems in mathematics, physics, combinatorics, and analysis of algorithms re-
duce to either functional/differential equations or recurrence equations with a small (large)
parameter ¢ > 0 (A > 0). We discuss here two methods of applied mathematics that are
routinely used to solve such problems. We have in mind the matched asymptotics and the
WKB approximation named after physicists Wentzel, Kramers, and Brillouin (however,
Olver in his book [331] rightfully calls this method the Liouville-Green approzimation because
they had already proposed it in 1837). We also briefly mention another method, lineariza-
tion, that finds many applications in the analysis of algorithms. We must add, however, that
the WKB method makes certain assumptions about the forms of the asymptotic expansions
without a rigorous justification of the assumed forms. In particular, it does not address the
issue of the existence of such asymptotic expansions.

We will not discuss the methods in depth, referring the interested reader to many excellent
books such as Bender and Orszag [39], Nayfeh [324], and Olver [331]. We start with a general
and brief overview of the two methods. Then we illustrate them by deriving asymptotic
distributions for the heights in tries and b-tries (see Section 1.1).

Let € > 0 be a small number and A > 0 a large number. Consider the following two
differential equations (arising in physics)

')+ (4 @)+ (- Syla) = 0 yO)=a y1)=5,  (332)
3@~ ale)y() = o (5.33)

where a and 3 are two given constants. The first problem above is a simple boundary-value
problem, and can be solved exactly. However, we shall try to solve it approximately to
illustrate the idea of the matched asymptotic expansions. We look for a solution in the form

y(x;e) = iejyj(x), (8.34)

where y;(z) are unknown functions. For the second problem above, we shall seek a (non-
trivial) asymptotic solution in the following form

€T - 1
y(z; ) = ) ZOA]-@);, (8.35)
]:
where ®(x) and Ag(z), A1(z),... are unknown functions. The form (8.35) is known as the

WKB approzimation. Here’s what Fedoryuk [121] has to say about such approximations:
... It is necessary first of all to guess (and no other word will do) in what form to search
for the asymptotic form. Of course, this stage — guessing the form of the asymptotic form
— Is not subject to any formalization. Analogy, experiments, numerical simulation, physical
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considerations, intuitions, random guesswork; these are the arsenal of means used by any
research worker.”

To illustrate the methods, we discuss a concrete example. Let us first illustrate the
matching principle. We shall follow Nayfeh [324] and start with the boundary problem (8.32)
and assume that (8.34) is its solution. Looking only at the leading term yo(x) we find, after
some simple algebra, that yo(x) = cpe™®, where ¢( is a constant that we should determine
from the boundary condition. We get either ¢g = «a or ¢y = Pe, and usually both cannot
be satisfied. Therefore, we must choose one, say the value at x = 1, and ignore for now the
other boundary value. We then obtain a full asymptotic expansion as

y(z) = Be' " +ef(l—z)e! T 4, (8.36)

which works fine everywhere but near the origin, where y(0) = Be(1 + ¢ + O(£?)) # a. In
order to overcome these difficulties, we consider another scale, namely £ = x/e. Keeping ¢
fixed and solving the equation we obtain

y(x) = Be(l—z)+ (a—PBe)(l+z)e /4. (8.37)
= fet(a—Be)e™® +el(a—fe)e™t — fe€] + O(?) (8.38)

Observe that at the origin y(0) = «, as desired.

In conclusion, we got two solutions (8.36) and (8.38). One is good in the interior and near
the right end while the other is near the left end of the interval [0,1]. In order to obtain a
uniform expansion over [0, 1], we may try to blend or match these two solutions. The basic
idea of a matched asymptotic expansion is that an approximate solution to a given problem
is sought not as a single expansion in terms of a single scale but as two or more separate
expansions in terms of two or more scales each of which is valid in part of the domain. We
chose the scales so that the overall expansion covers the whole domain and that the domains
of validity of neighboring expansions overlap. Because the domains overlap, we can match
or blend the neighboring expansions. If this is possible, the resulting solution is called the
matched asymptotic expansion. The uniform expansion is obtained adding (8.36) and (8.38)
and subtracting their “common” part, so it is not counted twice. This common part is either
the expansion of (8.36) as © — 0 or that of (8.38) as £ — co. The matching condition insures
that the two are equal.

We illustrate this basic idea by an example dealing with the height distribution in a trie.
The reader may want to go back to Section 1.1 to review some definitions related to tries.

Example 8.4 Limiting Distribution of the Height in a Trie

Let H,, be the height of a trie built from n binary strings generated by independent
memoryless unbiased sources, and let h% = Pr{H, < k}. Observe that hX satisfies the
following recurrence

Pt = 2y (’;) RERE . k>0 (8.39)
=0
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Ry=hY=1, and A2 =0, n> 1. (8.40)

This follows from H,, = max{HFT, HFT.} +1, where HXT and HIT, denote, respectively, the

left subtree and the right subtree of sizes ¢ and n — ¢, which happens with probability 27" (TZL)
for memoryless unbiased sources. To solve this recurrence, we set

n

H*z) =Y hb=s

no)
=0 M

to be the exponential generating function of h%. Then (8.39) implies (see Table 7.3 in Chap-
ter 7)

k

2
HE(z) = (H(:27%))" (8.41)
where H%(z) = 1 + z. Thus by Cauchy’s formula
koo ”_']{ LA |

hy = 5l (I4+227%)% 2 dz

0, n > 2k (8.42)
= k .
Ry, 0Sn<2b

where the second line follows directly from the binomial formula. Applying Stirling’s formula
to (8.42), we prove the following.

Theorem 8.3 (Flajolet, 1983; Devroye, 1984; Pittel, 1986) The distribution of the height
i a trie has the following asymptotic expansions:

(i) RiIGHT-TAIL REGION: k — 00, n = O(1)
Pr{H, <k}=hF=1—-nn-1)27""140027%).
(i) CENTRAL REGION: k,n — oo with ¢ =n27F, 0 < &< 1
hiy ~ A(€)e™),
where
1
o€) = (1-)lo1-6) -1
Ag) = 1-972

(iii) LEFT-TAIL REGION: k,n — oo with 2% —n = j = O(1)

—n—j

e
hE ~ ni 27n.
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This shows that there are three ranges of k and n, where the asymptotic form of h¥ is different.

We now use matched asymptotics to show that these three regions cover the whole domain,
where either k or n are large. If we expand (i) of Theorem 8.3 for n large, we obtain
1 —hE ~n?27%=1 For ¢ — 0 we have A(¢) ~ 1 and ¢(€) ~ —&/2 so that the result in (ii)
becomes

A(©)em?®) ~ ¢TmE/2 = exp <—%n22k> ~1- %n227k,

where the last approximation assumes that n, k — oo in such a way that n — 0. Since (ii)
agrees precisely with the expansion of (i) as n — oo, we say that (i) and (ii) asymptotically
match. To be precise, we say they match the leading order; higher-order matchings can be
verified by computing higher-order terms in the asymptotic series in (i) and (ii). We can
also easily show that the expansion of (ii) as & — 1~ agrees with the expansion of (iii) as
Jj — 00, so that (ii) and (iii) also asymptotically match. Indeed, we observe that in this case
n(l/¢ —1) =j and

22*k

—n—j

1
i Vi
The matching verifications imply that, at least to leading order, there are no “gaps” in the

asymptotics. In other words, one of the results in (i)—(iii) applies for any asymptotic limit
which has k and/or n large. O

We now briefly discuss the WKB approximation. We shall follow Nayfeh [324] and Fedo-
ryuk [121]. In general, it assumes that an asymptotic solution is of the form

i€
n’t

2T —joo  €XP (n(l — %) log(1—¢) — 1) = A(€)e™®®),

1
y(z; \) ~ @) (A(x) + XAl(gc) . )
or equivalently
y(x; A) ~ exp ()\((I’()(x) + A1y (z) + - ) 7

where ®;(x) are unknown functions that one tries to determine from the equation. For exam-
ple, consider differential equation (8.33) and assume it has the above asymptotic expansion.
Plugging it into (8.33), after some algebra, one arrives at the following system of equations

P (x) —qlz) = O,
Bf () + 28 (2) P} (2) = O,

which for ¢(x) > 0 yields

wo@) = & [ \a@s,

Di(x) = ~log/|@(x)] = log la(x)]
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for some constant xg. Substituting this into the postulated asymptotic solution we finally

show that N
y(xz; A Nq_1/4:cexp<:l:)\/ qxdw).
(@) ~ g V(w) [ atw)

We close this section with a more sophisticated application of the WKB method, matched
asymptotics, and linearization. This is a continuation of Example 4.

Example 8.5 Limiting Distribution of the Height in b-Tries
We consider an extension of tries discussed in the previous example, namely, b-tries.
In these tries the external node is allowed to store up to b strings. The parameter b is
assumed to be fixed. We study the height H,, (i.e., the longest path in such a tree), and let
hE = Pr{H, < k}. As before, h¥ satisfies the recurrence equation (8.39) with a new initial
condition,
R =1, n=0,1,2,...,b; and A =0, n>b.

The exponential generating function H¥(z) of hF satisfies the same equation (8.41) except
that now H%(z) =1+ 2+ --- + 2°/bl. In other words,

2 b 2k
hE = nl[2"] <1 + 227k %2—2’“ 4ot %2—““) . (8.43)
We can use the saddle point method (see Section 8.4 and Exercise 7) to extract asymptotic
expansion of hﬁ from the above; however, in this example we apply indirect methods of WKB,
matched asymptotics, and linearization to solve the problem. It will pay off in problems where
one cannot obtain explicit expressions for the generating function (e.g., heights of PATRICIA
tries and digital search trees, as analyzed in [259, 260]).
We consider first the case k,n — oo with € = n27* fixed. We set

hy, = G(&n) = G(n27%;n)

and note that h¥~! = G(2i¢/n;i) and hF~} = G(26(1 — i/n);n — i). From the original
recurrence (8.39) we obtain

G(&n) = (%)"é <?>G<%§,z> G<2 <1 — %) {;n—i).

We analyze the above by the WKB method. Thus we seek an asymptotic solution of the
form

Glgsn) ~ &0 [4(©) + 2AV( + 54D +---).
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By symmetry, the major contribution to the sum will come from i = n/2. We also note that
Stirling’s formula (8.31) yields, for i = zn (0 < z < 1),

(R R

where fo(z) = —log2—=xlogz—(1—=x)log(l—x). For z = 1/24y/\/n (i.e.,i=n/24+0(y/n)),
(8.44) simplifies to the Gaussian form

—n n _ inyQ 1 _l 2_%4) 2]
2 <n/2+y\/ﬁ>_ —e [1+n< 4+2y Y +0(n™ )| .

Thus we are led to

ot~ T (2)a (2050
onlio(26) s n- 0 3 0-£)9):

For z = i/n, we set Y(x) = z¢(22€) + (1 — x)d(2(1 — z)&) and expand this function about
© = 1/2. We have $(1/2) = 6(€), 1/(1/2) = 0 and ¢/(1/2) = 86¢/(€) + 426" (€). Thus the
exponent in the above expression becomes

X

exp(nip(x)) = exp (ng(€) + 5> (466 (€) + 262¢"(9)) + O*)) .

Using the Euler-Maclaurin formula, substituting y = v’//n, and approximating the above
sum by an integral we obtain as n — oo

0 4(8) ~ /260 4%(g | e (-2 4 2060 + 26267) ) d

The exponential factors e™® cancel and we have

2 s
= \/;A(W R R ) 549

Thus the asymptotic series of the WKB approximation is known, up to the function ¢(&).
It does not seem to be possible to determine ¢ using only recurrence (8.39). This function
is apparently very sensitive to the initial conditions. However, using matched asymptotics,
we shall show how to determine ¢(&) for £ — 0 (in a similar manner, one can find ¢(&) as

£—b).
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For this, we turn our attention to the case n = O(1) and k — oo. We set hf =1 — GE.
Then G satisfies

N\N"A (n N\N*"A (n

k k k ~k

Gn+1 = 92 (§> 50 <2)an — (5) .,EO (Z)GZ G,_; (8.46)
b_

i=b+1

Here we have used the fact that Gf‘l =0for0<n<b Forb+1<n<2b+1, the nonlinear
term in (8.46) vanishes and we are left with a linear recurrence. We can solve (8.46) exactly
by first solving the linear problem for n € [b+ 1,2b + 1], and using this solution to compute
explicitly the nonlinear term in (8.46) for n € [2b + 2,3b + 2|, etc. However, the resulting
expressions become complicated and we only need asymptotics of GE. For ranges of k,n,
where hﬁ is asymptotically close to 1, we can replace (8.46) by the asymptotic relation (thus
linearize the recurrence), which yields

n—b—1 n
k — 2 : k
1=0

This has the following asymptotic solution

G§~2b<bzl>, n>b+1.

Thus for k¥ — oo and n = O(1) we have
Pr{H,<k}=hF~1- " Pl

As in Example 4, we now match the two expansions just derived, that is, we require

nb-‘,—l

(b+1)!

okb ‘n%o ~ A(E)em) ‘&0 .

Since A(§) — 1 as £ — 0, we obtain
fb
P(&) ~ ROk §—0,
and hence

T no(€) né!
Pr{H, <k}~ A()e ~ exp 1 £—0.
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In passing we should point out that this range is the most interesting since the probability
mass is concentrated around k = (14 1/b)logy n + x, where x = O(1). In fact,

Pr{HI < (1+1/b)loggn+z} = Pr{HI <|[(1+1/b)logyn + z]}
1
_ o—ba+b((1+b) /blogs n+x)>
P < (1+0)! ’

where (z) is the fractional part of z, that is, (z) = x — |x]. Due to the erratic behavior of
(logy ) (see the next section), the limiting distribution of the height H,, does not exist! The
reader can find detailed analyses on this and similar topics in a series of recent papers by
Knessl and Szpankowski [258, 259, 260, 261]. O

8.2.3 Uniform Distribution of Sequences

In the analysis of algorithms and information theory one often deals with sequences like
(logn) and (an), where (z) = x — |z] is the fractional part of x. We just saw it in the above
example. In fact, we are often interested in asymptotics of sums like

Z pn,kf(<xk>)

k>0

as n — 00, where py ; is a probability distribution (i.e., > . ppxr = 1) and f is a function.
For example, the following sum

> <Z>pk (1—p)"* (log (p*(1 = p)" "))

k=0

arises in coding theory. Our goal here is to present certain tools from the theory of uniform
distribution of sequences to extract asymptotics of such sums. We shall follow Drmota and
Tichy [109].

We start with some definitions.

Definition 8.4 (P-u.d. mod 1) A sequence z,, € R is said to be P-uniformly distributed
modulo 1 (P-u.d. mod 1) with respect to the probability distribution P = {py k}r>0 if

Jim " pp ela({zr) = A(A) (8.47)
k>0

holds uniformly for every interval A C [0,1], where 14(xy,) is the characteristic function of
A (i.e., it equals 1 if x,, € A and 0 otherwise) and \(A) is the Lebesque measure of A.

Two special cases are of interest to us:
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1. Uniform distributed sequences modulo 1 (u.d. mod 1) in which case p, = 1/n, that
is, (8.47) becomes

i LS ) = aa) (5.49
k=0

2. Bernoulli distributed sequences modulo 1 (B-u.d. mod 1) that assumes the binomial
distribution for p,, , that is, for p > 0 (8.47) becomes

n

Jim > (Z)pku )" M a(a)) = AA). (8.49)

k=0

The following result summarizes the main property of P-u.d. modulo 1 sequences. It
provides the leading term of asymptotics for sums like >~ py, 1 f ((xr +v)), where zy, is P-u.d.
mod 1 and y is a shift.

Theorem 8.5 Suppose that the sequence x,, is P-uniformly distributed modulo 1. Then for
every Riemann integrable function f :[0,1] — R

i 3 e (s +0)) = [ o) (8.50)

n—~oo

k>0

where the convergence is uniform for all shifts y € R.

Proof. The proof is standard but details are quite tedious. The main idea is to notice that
by definition (8.50) holds for characteristic functions I4(xy). Next, we approximate f by a
step function (i.e., a linear combination of characteristic functions) and use the definition of
the Riemann integral to bound the integral from below and above, proving (8.50).

Details are here. Let £ be the linear space of all (Lebesgue) integrable functions f : [0,1]* — C
satisfying

i sup (5 (G + )~ [ 1(0)at] <o (8.51)

n—oo
veR |15

Of course, L contains all constant functions (i.e. £ # (). Next we prove the following closure property
of L.

Fact A. Suppose f : [0,1] — R is an integrable function such that for every € > 0 there
exist functions g1,g2 € £ with g1 < f < g2 and

/0 (g2(t) — g1 (1)) dt < e.

Then f € L.
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For this purpose, let m,,(f,y) denote the positive linear functionals

mn(f,y) = an,kf«xk +9))

k>0

and m(f) the positive linear functional

m(f) = / F(t)dt.

By mu(91,y) < mu(f,y) < mn(ge,y) and m(g1) < m(f) < m(g2) we immediately get

m(g1) = liminfm,(g,y) < liminfmn(f,y)
< limsupm,(f,y) < limsupm,(g2,y)
= m(92)7

which implies
Im(f) — liminfm, (f,y)| <e

and
[m(f) = limsupm,(f,y)| <e

n—oo
for every € > 0. Thus

lim sup [m,(f,y) —m(f)| =0,
n—00 R

and f € L.
Next, suppose that f : [0,1] — R is a continuous function. Then by the Weierstrass approximation
theorem, for every € > 0 there exist two trigonometric polynomials g1, g2 with g1 < f < g2 and

/O (g2(t) — g1 (1)) dt < e.

By Fact A, all continuous functions f : [0,1] — R are contained in L.

Now it is easy to derive that every characteristic function f = I4 of any interval A C [0,1] is in L,
too. It is obvious that for every € > 0 there exist two continuous functions g1, g2 with g1 < I4 < g9
and

1
/0 (g2(t) — gr(t)) dt < e.

Again by Fact A all step functions (i.e. finite linear combinations of characteristic functions) are in
L.

Finally, if f : [0,1] — R is a Riemann integrable function, then by definition for every € > 0 there
exist two step functions g1, g2 with g1 < f < go and

1
/0 (g2(t) — 92(1)) dt < <,

and by Fact A this completes the proof. [ |
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In passing we observe that Theorem 8.5 holds if f is continuous. Furthermore, due to
(xk), we may restrict f to complex-valued continuous function with period 1.

To apply Theorem 8.5, one needs easy criteria to verify whether a sequence xj, is P-u.d.
mod 1. Fortunately, such a result exists and is due to H. Weyl.

Theorem 8.6 (Weyl, 1916) A sequence x,, is P-u.d. mod 1 if and only if
Jim Y7 pge®™ T =0 (8.52)
k>0

holds for all m € Z \ {0}.

Proof. The proof is standard and we only sketch it here (for details see [109, 282]). First
observe that f(z) = 2™ satisfies (8.50). To prove sufficiency, we note that by Weierstrass’s
approzimation theorem every Riemann integrable function f of period 1 can be uniformly
approximated by a trigonometric polynomial (i.e., a finite combination of functions of the
type €2™%). That is, for any ¢ > 0 there exists a trigonometric polynomial W(x) such that

sup |f(z) —¥(x)| <e. (8.53)

0<z<1

Then

< /O(f(x)—‘l’(x))dx

‘/01 f@)dz = pogf(ar)

k>0

1
+ /0 U (z)dr — ank\ll(xk)

k>0

+ D P (W) — f(xk))‘

k>0
< 3e

since the first and the third term are bounded by ¢ due to (8.53) and the second by € due to
(8.52). This completes the proof. [

One of the most important and well-studied sequences is (an),>o for « irrational. We
discuss its properties in the example below.

Example 8.6 Special Sequence (an)p>0
Let us consider (an),>o for « irrational. We prove that it is u.d mod 1 and B-u.d. mod 1.
For the former, observe that by Weyl’s criterion for every integer m # 0

l zn: eQﬂikma — A
n = n|e2mme — 1| = p|sin mma|

‘627rimna _ 1‘ 1

— 0, n — 00
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as long as «a is not rational. Thus (an),>o is uniformly distributed sequence modulo 1.
Consider now the B-u.d. mod 1 case. We have by Weyl’s criterion (where, as usual, ¢ = 1—p)

: =~ [n k n—k 2mim(ka) : 2mimao n
9D <k>p s Y

n—o0
k=0

provided « is irrational. O

Let us stay with sequences (an),>o, but now we assume that « is rational, say o = N/M
such that gcd(N, M) = 1. Can we say something meaningful about the sum ), py, 1 f({ak))
in this case? To simplify our presentation we restrict the analysis to the binomial distribution

pnk = ()P*¢" ™ (¢ =1 —p). We prove the following general result.

Theorem 8.7 Let 0 < p < 1 be a fixed real number and suppose that o = % is a rational

number with gcd(N, M) = 1. Then for every bounded function f : [0,1] — R, we have for
some p < 1

n M-1
Su(f) = (Z)p’“a o at) = o> 7 () o

uniformly for all y € R.
Proof. Observe that (with p,, ; = (Z)pkqnfk)

$u0) = ot (k57 +0))
= Mijl Z Prkf (<€% + N + y>)

=0 m: k=+mM<n

5 i)

=0 m: k=l+mM<n

pori(E S (1)t

= f (<— +y>> ( )p q .

(=0 M m: k=0+mM<n k

To proceed, we need to evaluate the second sum. This sum takes every Mth term from the
binomial distribution. In Section 7.6.1 we learned how to handle such sums through the Mth
root of unity wy, = e*™*/M for k = 0,1,..., M — 1. In particular, applying (7.12) we easily
obtain

Z (n) konek 14 (pwi+ )"+ (pwyo + @)
b q = Vi

m: k=0+mM<n

% + O(p"), (8.54)
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where p < 1 since |(pw, + q)| = p* + ¢ + 2pqcos(2nr /M) < 1 for r # 0. Thus

S () woun

To complete the proof, we observe that the function

rn =5 31 (57 +2))

is periodic with period 1/M. Thus for 0 < y < ﬁ we have the representation

Fy)=%§1f<ﬁ+y).

For general y € R we need only use the relation F(y) = F((My)/M) to finish the proof. (In
Exercises 8 and 9 we ask the reader to use another method, that of Fourier series, to establish
the above result.) n

We complete this section with an interesting example arising in source coding.

Example 8.7 Redundancy of the Shannon Code

We consider here a very simple code, known as the Shannon code, that assigns code length
[—log, p*(1—p)"~*)] to a sequence z7 of length n occurring with probability p(k) = pF¢"*,
where k is the number of “1” in z7 (cf. [75]). From Shannon Theorem 6.18 we know that
the average code length cannot be smaller than the entropy of the source, which in our case

—Yr—o ()p*q"* logy (p*q"~F). From Chapter 6, we know that the difference between the
average code length and the entropy is known as the average redundancy (see Section 8.7.2
for a more in-depth discussion of redundancy issues). We denote it as R,. For the Shannon

block code of length n generated by a memoryless source we have

o IR
k=0

n

_ 1+Z< ) Fq"7F (logy p(k) + | —logy p(k)])

= 1— E": <k>pkq” k(ozk: + fn), (8.55)

k=0

where @ = logy((1 — p)/p) and B = logy(1/(1 — p)). But the above sum is the one we
analyzed in Theorems 8.5 and 8.7. If « is irrational by Theorem 8.5 (applied to the binomial
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distribution with f(t) = t) we obtain R, = 3 + o(1). For a = N/M, we apply Theorem 8.7
to arrive at

_ 1= 0 (Mgn) .
Beo= 1oy X (—N+ )+0<p)
B M—1 (Mgn) N
= 1- 5 + % +O(p")
1 1
= 5——;[ <Mﬁn>—§)+0(p")

In summary, we prove the following.

Theorem 8.8 (Szpankowski, 2000) Consider the Shannon block code of length n binomi-
ally(n,p) distributed over a binary alphabet. Then, for p < % as n — oo

« irrational

R, = , (8.56)
a = %7 ng( )

[N
-
o)
—
—
~—

[N
|
SO
N
=
S
=
|
o
+
S
)
=
=
s
I

where p < 1. O

8.3 Small Singularities of Analytic Functions

It is time to deliver what the title of this section says, namely, complex asymptotics. From
now on we shall deal with the generating function

A(z) = Z anz",
n=0

and study various methods of extracting asymptotic expansions of a,, from an explicit knowl-
edge of A(z), and even more often, from partial knowledge of the generating function A(z)
around its singularities. Often the generating functions we work with (in combinatorics, anal-
ysis of algorithms, information theory, etc.) are analytic functions®. Therefore, by Cauchy’s
formula the coefficient a,, can be evaluated as

_ L@, (8.57)

= o c zn 1T

2The reader may want to review elements of complex analysis discussed in Section 2.3. There are also
excellent books on the subject; e.g., Henrici [195], Hille [196], Titchmarsh [424], and Whittaker and Watson
[448].
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where C is a closed contour that encircles the origin in the positive direction (i.e., counterclock-
wise). One may ask why we use Cauchy’s integral formula for a, when simpler expressions
exist (e.g., ap, = %A(”)(zﬂzzo, where A (z) is the nth derivative of A(z)). The point to
observe is that integration preserves many nice properties of analytic function; the contour
C can be deformed in many ways to take advantage of analytic continuations of A(z); and
finally this integral is usually easily computable through the Cauchy residue theorem (see
Theorem 2.5).

We shall argue that complex methods are successful in extracting asymptotics of a,, since
the asymptotic growth of a,, is determined by the location of the singularities closest to the
origin. To see this, we first recall that a singularity of an analytic function is a point, where
the function ceases to be analytic. Next, we recall from Hadamard’s Theorem 7.1 that the
radius of convergence of the series involved in A(z) is

R = limsup |a,|"/",

n—oo
or informally % log |a,,| ~ —log R. That is, for every € > 0 there exists N such that forn > N
we have
Jan] < (R7H +)";

and for infinitely many n we have
lan| > (R™Y — &)™ .

Thus the exponential growth of a,, is determined by R™". A classical theorem (attributed
to Pringsheim) says that an analytic function of finite radius of convergence must have a
singularity on the boundary of its disk of convergence. Moreover, as we have already seen in
Section 7.3.3, a bound on a,, is easily achievable through Cauchy’s Integral Theorem 2.6 (cf.
(2.22) in Section 2.3), namely,

M(T)’

|an| < -

(8.58)

where M (r) is the maximum value of |A(z)| for any circle r < R. This is the Cauchy bound,
and we shall use it often in this chapter. In summary, locations of singularities of A(z)
determine the asymptotic behavior of its coefficients. To obtain a more refined information
about such asymptotics we must more carefully study various types of singularities, which
we do next.

Finally, one of the most important aspects of complex asymptotics is to provide the
transfer theorems, under which the following central implication is valid:

Az) ~ f(z) = ["A(2) ~ [2"] [ (2), (8.59)

where A(z) is an implicitly known generating function and f(z) is an asymptotic expansion of
A(z) near a singularity. (The above is not true in general; e.g., A(z) = 1/(1—2) ~ 2/(1—22) =
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1/(1—=2)+1/(1+%) =: B(z) at z = 1 but [2"]A(2) = 1 while [¢"|B(z) = 1+(—1)".) Following
Odlyzko [330], we shall talk about small singularity if A(z) has polynomial growth around
such a singularity; otherwise it is called a large singularity. For example, (1 — z)3/21log(1 — 2)
has a small singularity at zp = 1, while exp(1/(1 — z)) is said to have a large singularity
at zg = 1. These are not precise concepts, but still clearly different methods are used to
handle them. Therefore, we divide our discussion into two parts: In this section, we deal
with methods for small singularities (i.e., poles and algebraic singularities) while in the next
section we turn our attention to large singularities.

8.3.1 Polar Singularities

Here we deal with polar singularities, which we define precisely below. Let A(z) be an analytic
function in a ring 0 < |z — 29| < R < co. Then the Laurent expansion applies and one finds

(cf. [196, 424])
—1

o0
A(z) = Z an(z — 20)" + Z an(z — 20)", (8.60)
n=—M n=0
where the coefficients a,, n = —M,—M+1,...,0,1,... are computed by the Cauchy formula
(8.57). The point z is called:

e Removable singularity if a_, =0 for all n = 1,..., M and then lim,_,,, A(z) = ap;
e A pole of order M, if M is finite and M > 0;
o An essential singularity if if M = oo.

We only deal here with poles since a function behaves very weirdly near essential singularities
(e.g., according to the Casorati-Weierstrass theorem the function can take any value around
such a singularity).
A function A(z) is called meromorphic if its only singularities are poles. A special case
of meromorphic functions is rational functions, which are the ratios of two polynomials.
We first discuss rational functions; that is, we assume that A(z) = N(z)/D(z), where
both N(z) and D(z) are polynomials. Hence, we can decompose A(z) into a finite sum like

ARz) =Y —2or

~(z—p)"

where the summation is over all poles (roots) of A(z) (of D(z)) and r ranges over a set of
integers determined by the largest multiplicity of a pole of A. To extract the coefficient a,,
it suffices to study asymptotics of 1/(z — p)". But in fact we can do it ezactly, not only
asymptotically. Indeed, from Table 7.2, Entry 1, we find

1 _ (=1

G = Flaazy

"]
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— (—1) <” +i- 1) () — (Z1)] <” +i- 1) (),

n j—1

In summary, if A(z) is rational that is analytic at zero and has poles at points p1, ..., Pm,
then there exist polynomials P;j(n) of degree equal to the order of pole p; minus one such that

exactly
m

ap = [2"]A(z) = ZPj(n)p;". (8.61)
j=1
We illustrate this result with a simple example which is a continuation of the pattern
occurrence problem discussed in Section 7.6.2.

Example 8.8: Frequency of a Given Pattern Occurrence
Let H be a given pattern of size m, and consider a random text of length n generated
by a memoryless source. In Section 7.6.2 we studied the probability generating function
T (z) = Y029 Pr{O,, = r}2" of the number O,, of pattern H occurrences in the text. In
Theorem 7.13 we proved (for a memoryless source) that
T(s) — 2"P(H)(D(2) +z—1)"}
r(2) = DH(2) ,
where D(z) = P(H)z™ + (1 — 2)An(2) and A(z) is the autocorrelation polynomial (a poly-
nomial of degree m). Let now p < p1 < p2 < -+ < pm—1 be m distinct roots of D(z) = 0.
Then an easy application of the above analysis leads to

r+1 ) n ) m—1r+1 . n '
Pr{O,(H) =71} = Z(_l)aaj (j B 1>p‘(”+3) + Z Z(—l)zbm‘ <Z " 1>pk(n+z)

j=1 k=1 i=1
r+1

= > (-1q <j_1>p )+ 0™, (8.62)
j=1

where a, 11 = p™P(H) (p — 1) (D'(p)) """, while the other coefficients a; and by; can be
computed when needed. O

Let us now turn our attention to a more general case, namely, meromorphic functions.
We derive an asymptotic expansion for the coefficients a,, similar to the one for rational func-
tions except that this time we only obtain asymptotic approximation, not an exact formula.
There are two approaches: One is called subtracted singularities and the other is known as
the contour integral method.

We start with the subtracted singularities method. To make our discussion more concrete
we study the following function

,

A(z) :;m +j§::0aj(z —p) .
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Then we assume that A(z) has a Laurent expansion around a pole p of multiplicity r. We
further assume that the pole p is the closest to the origin; that is, the radius of convergence
R is R = |p|, and there are no other poles on the circle of convergence. In other words,
the second term of A(z), which we denote for simplicity as A;(z), is analytic in the circle
|z| <|p|, and its radius of convergence is Ry > |p|. Thus coefficients of A;(n) are bounded by
O(Ry"™) due to Cauchy’s bound (8.58). Using the exact expansion of the first part of A(z),
which is a rational function, we arrive at

r . n . _

2"AGz) = Y (~1Va ( " 1>p-<”+ﬂ> + OB
j=1

for Ry > p. Observe that in the last example formula (8.62) is presented in this form.

The main thrust of the method just described is as follows: Imagine we are interested in
the asymptotics for coefficients a,, of a function A(z) whose circle of convergence is R. Let us
also assume that we can find a simpler function, say A(z), that has the same singularities as
A(z) (e.g., in the above example A(z) = >"_; (za_;p])]) Then A;(z) = A(z) — A(z) is analytic
in a larger disk, of radius Ry > R, say, and its coefficients are bounded by O(R;").

We now rederive the above formula using the contour integral approach. Define

1 A(z)
I, = — dz.
27 /Z:r 2t *

After applying Cauchy’s formula and extending the contour of integration to a circle of radius
r that contains inside all singularities of A(z), we arrive at

I, = Res[A(z);z = 0] + ZRes[A(z)z_”_l; z=pl,
p

where the summation is over all singularities p contained inside the circle |z| = r. But by
Cauchy’s bound (8.58) we also know that |I,,| = O(r~™"). Thus
an = [2"A(z) = — ZRes[A(z)z_”_l; z=p|+00™").
P
This leads to the same estimate as above.

We can summarize our discussion in the following theorem.

Theorem 8.9 Let A(z) be a meromorphic function for |z| < r with poles at pi1,pa,...,Pm
and analytic on |z| =r and z = 0. Then there exist polynomials P;(n) such that

ap = [2"|A(z) = Z Pi(n)p;" +0(r™"),
j=1

where the degree of P; is equal to the order of the pole at p; minus one.
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We finish this section with an example that will combine what we have learned in the last
two sections.

Example 8.9 Enumeration of (d, k) Sequences

For the run-length coding the (d, k) sequences (d < k) of prime importance. A binary
string is a (d, k) sequence if it does not contain any runs of 0’s shorter than d and longer
than k. In other words, between any pair of 1’s there must be at least d and at most k zeros.
We want to enumerate all such (d, k) sequences. We first construct the ordinary generating
function War(2) = Xuew, , zZIvl of all (d, k) words denoted as Wy .. We apply the symbolic
methods of Chapter 7. Let Agj, be the set of all words (strings) consisting only of 0’s whose
length is between d and k. The generating function A(z) is clearly equal to

1— Zk—d+1
A(Z) :Zd—f—ZdJrl—f—"'—l-Zk:Zdi
1—2z
We now observe that W, can be symbolically written as
Wak = Ad,k ({1} X €+ Ang + «Zld,k X .,Zld,k + -+ Afhk + - ) , (8.63)

where Ay = {1} x Agx. Above basically says that the collection of (k,d) sequences, Wi,
is a concatenation of {1} x Agy. Thus (8.63) translates into the generating functions Wy ;(2)
as follows

1 B Zd(l _ Zk:—l—l—d)
1 —2A(z) 11—z — 20+l 4 Zk+2
24 g R

T ] _ gdtl _ a2 _ ... _ ktl- (8.64)

Wd,k(z) = A(Z)

Of particular interest is the capacity Cqj, defined as (cf. [26])

log[2" W k(2)

Cqr= lim —————=,
’ n— o0

n
If p is the smallest root in absolute value of 1 — 241 — 2442 — ... _ 2k+1 — 0 then clearly
Cqr = —logp.

But we can do much better. The function Wy (2) is rational and we can compute
[2"|Wgr(2) exactly. Let us consider a particular case, namely, d = 1 and £k = 3. Then
the denumerator in (8.64) becomes 1 — 22 — 23 — 24, and its roots are

p_1=—1, py=0.682327..., p1=—0341164... +i1.161541..., po= p1.
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Using the contour integral approach and computing the residues we obtain

. - po + P2 + pi —n—-1_ (_qyn+1 1 r"
" WLs() = O e = T Y i D e T O

where 7 =~ 0.68. More specifically,
[2"]W7 3(2) = 0.594(1.465)" T 4 0.189(—1)""! + O(0.68™).

If we wish, we could compute the big-oh term more precisely. O

8.3.2 Algebraic Singularities: Singularity Analysis

In the last subsection, we considered one type of singularity, namely, poles. For such isolated
singularities, a function was well defined in its whole punctured neighborhood of, say zy. In
particular, in 0 < |z — 29| < R the function A(z) has its Laurent series expansion. In this
subsection, we study algebraic singularities for which Laurent’s expansion does not apply
since around these singularities the function is not defined in the whole ring neighborhood
0 < |z — 20| < R of 2.

We first review some simple facts from complex analysis. Let us consider a particular
example. Say, w := f(z) = /z. It is known that this function is multivalued. For z = re?
there are exactly two different values of w corresponding to z, namely, w; = \/Feie/ 2 and
wy = /7e?/2T™ = —w;. These two functions are known as branches. Observe the following
phenomenon: When we start from a given point z and choose one of the branches, say w;;
then when traversing any closed contour we come back to wi, unless we enclose the origin.
If the contour encloses the origin, then w attains the value wo after one circle, and it comes
back to wy after the second loop. We should conclude that the multivalued function is well
defined except at z = 0, where the function interchanges branches. Such a point is called a
branch point. The function ceases to be analytic at this point, and hence it has a singularity
(in fact, there is another explanation why /z must have a singularity at zp = 0: its derivative
does not exist in this point). We shall call it an algebraic singularity. To make /z analytic,
we must restrict the domain of definition to C — (—o0, 0), that is, complex plane cut along the
negative real axis (in fact, it can be cut along any ray emanating from the origin). This way
we prevent z encircling the origin and thus avoid ambiguity. As a consequence, we cannot
expect to develop /z in the Laurent series around z = 0; however, another expansion due to
Puiseux will work, as we shall soon see. Naturally, /2 is not an exception. Functions like 2
for « real and not an integer, log z, etc. belong to this category.

Let us now more precisely define a branch point and its order. The reader may review this
material from any standard textbook on complex analysis (e.g., [196]). Consider an analytic
function A(z) that can be analytically continued along any path in the ring 0 < |z — 29| < R.
If the function (or a branch of the function) returns to itself after its analytic continuation
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along any closed path encircling zg, then A is a single-valued function and z( is a pole or an
essential singularity. If, however, after a continuation along a closed path the function does
not return to its original branch (as in the case of 1/z), then the function is multivalued and
2o is a branch point. To further characterize it, let C be a circle |z — zg| = r contained in
the ring 0 < |z — 29| < R, and pC be a closed contour that encircles p times zy along C. The
point zq is called a branch point of order p — 1, if the function returns to its original branch
along pC, but not along any closed path mC, where m < p. For example, (z — 1)'/3 has a
branch point at zg = 1 which is of order two; the function /z(z — 1) has two branch points
at 0 and 1, each of order 1.

Although the Laurent expansion does not apply for a function around its algebraic sin-
gularity, another expansion due to Puiseux works fine (cf. [196]).

Theorem 8.10 (Puiseux, 1850) Let A(z) be an analytic (multivalued) function and zy its
branch point of order p — 1. Then in the neighborhood of zy, A(z) can be represented as the

following series
o0

A(z) = Z ag(z — 20)

k=—o00

RS b

(8.65)

that converges in a neighborhood of zg.

The idea of the proof of Puiseux’s expansion is quite simple. It suffices to substitute
z = zp + wP, and observe that A(z) as a function of w is a singled-valued function defined in
a ring 0 < |z — 29| < R; hence one can apply Laurent’s expansion to it yielding

A(zg +wP) = Z apwk

k=—00

which is the desired (8.65).

Puiseux’s expansion suggests that for algebraic singularities, one must study asymptotics
of functions like (z — z0)*/?. In general, in applications we often deal with functions like
(z — 20)*/Pw(z), where w(z) is either analytic in a neighborhood of zy or not (e.g., consider

A(z) = e_\;%ﬂ and /1 — zlog 7-). We next discuss in some depth how to obtain precise

asymptotic expansions for such functions around its algebraic singularities. There are many
techniques to deal with such singularities. However, in analysis of algorithms the singularity
analysis of Flajolet and Odlyzko is the most useful, and we devote some time to it in the
sequel.

Before we proceed with general discussions, we observe that because

[2"]A(z) = p"["]A(z/p) ,

one only needs to study singularities at, say, z = 1. That’s what we will do next. We
shall follow Flajolet and Odlyzko [140]. The reader will also find an excellent account of
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Figure 8.2: Hankel’s contour.

it in Odlyzko [330] and Flajolet and Sedgewick [149]. Actually, because of these excellent
references, we focus here on explaining things rather than on detailed proofs.

We start with obtaining asymptotic series for (1 — z)™%, where a is real and a ¢
{0,—1,-2,...}. First, we observe that for « = k € {1,2,...} we have from Entry 1 of

Table 7.2 -
(1 —Z)fk _ Z <n—|—k— 1)2’".

n

It is then natural to expect that

n e [(nta-1)  Tn+a)
=) —< >—m

=t (5 o ()

provided a ¢ {0,—1,—2,...}. We will prove it using Hankel’s contour, which we review in
Table 8.3.

Theorem 8.12 (Flajolet and Odlyzko, 1990) Let o ¢ {0,—1,—2,...}. Then

no—1 >, er(a
=27~ Fe (1 > e >> (5.67)
ono! ala—1)  ala—1)(a—-2)Ba—-1)
" T(a) <1+ o 24n2 +)
where
2k
er(a) =) erjla—1)(a—2)-(a—j),

=k

and cy j are coefficients in the following expansion

e (1 +yt) 1Y = Z cx jrlyk. (8.68)
k.3
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Table 8.3: HANKEL'S CONTOUR INTEGRAL FOR GAMMA FUNCTION

Let ‘H be a contour starting at 400 in the upper half-plane, winding counterclockwise around

the origin, and proceeding back towards +oo in the lower half-plane. (cf. Figure 8.2). We
denote the integral along such loop as [, or ff& The following theorem is a particular result
for the Euler gamma function, but it plays an important role in the analysis of algebraic
singularities.

Theorem 8.11 (Hankel’s Contour Integral) For all s € C

1 Lo e %d 8.66
F(S) - _2—7” Jroo(_w) € w, ( . )

where the function (—w)™% has its principal value, that is,

(—w)™® =exp(—slnr — si(0 — 7))

with w = re®.

To see why (8.66) is true, let us specify Hankel’s contour as follows (Figure 8.2):

HY w=t+6 t>0
H=<¢{ H w=t—-0 >0
HC  w = et ¢ €[-7m/2,m/2].

Easy calculations show that for § — 0

, 5
/ (—w) Ve Vdw = e””/ e "tTodt,
HF

[e. 9]

/ (—w)"e dw = e*is’r/ e 'tT5dt,
- 1
w/2 .
/ (—w) e ™dw = i / exp (—5’¢ — si(¢p — 71')) de.

—7/2
The last integral converges to zero for § — 0 as long as R(1 —s) > 0. Then the first two
integrals summing up to

—iTSs

e —eims oo sinms 1
— “Usdt = (l—s)=—
271 /0 ° ™ (1-s) I(s)’

where the last implication follows from the fundamental relationship (2.33) for the gamma
function (see Section 2.4.1). Thus we prove (8.66) for (1 — s) > 0. By analytic continuation
(since both sides of (8.66) are analytic) we can extend it to all s € C.

Observe that if we traverse the Hankel loop in the reverse order (i.e., from 400 in the lower
plane, winding the origin clockwise and moving toward +oo in the upper plane) we must
reverse the sign in (8.66).
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Furthermore, for any 3

B nafl
[27)(1 — )~ <£log11 ) ~ T losm) <1+Z S ) (8.69)

z

k
Cila ) = (i’)r(a)%ﬁ ome

Proof. We give a detailed proof of (8.67) and only a sketch of (8.69). By Cauchy’s formula

-0 = o [a-a o

2mi

where

where C is a small contour encircling the origin (e.g., C = {z : |2| = 1}). We deform it in such
a way that the new contour, say C;, consists of a large circle of radius R with a notch that
comes back as close to z = 1 as possible (see Figure 8.3). By Cauchy’s bound the integral on
the large circle can be bounded by O(R™""%), and we are left with estimating the integral
along the notch that resembles the Hankel contour except that it is traversed in the opposite
direction (see Table 8.3). We denote it by H and specify as follows:

H™ w=t- % t>0
H={ HT w=t+f t>0
H w=1-% ¢el-n/2,71/2
Then after a change of variable z = 1 + ¢/n we arrive at
nafl t —n—1
"1—2)"% = —t) (14— dt+ O(R™"™%).
- = [eom(1e ) e om

We now proceed formally, omitting O(R™"~%), and later justify it. Using (8.68) we have

t —1-n )
b1 —) = i " .
e ( + %cm n*, (8.70)

which yields

a—1 )
-2 = T /_<—t>—ae—tZCk,jtan—kdt
7j

21 JH

— no— lzckd _/( t)—a-i—je—tdt
H
1

211
(8£6) a—1 .
= n kz:ckdn 7F(Oé —j)

R P e )
() o " nk ’
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Figure 8.3: Contours used in Theorem 8.12.

which formally establishes our result. To justify it rigorously, we must prove convergence of
the above series in order to interchange the integral and the sum.

Actually, this is not difficult at all. All we need to do is to split the integral according to,
say |t| <log?n and |t| > log?n. This is necessary in order to justify (8.70), that is, to make
t small. The part corresponding to |t| > log?n is negligible since

(1 + %) T O(exp(—log?n)).

On the remaining part of the contour, that is, for |t| < log®n, the term t/n is small and
(8.70) is applicable. This completes the proof of (8.67).
The proof of (8.69) is similar. We only sketch it. The basic expansion is

1 & n \¢ -n
1 _ ~et[—) log? [ —
z) " ( Ogl z) z=l+t/n ~ € (—t) 0g ( n )

(-
= ( t° log n(l—w>ﬁ
(

logn
2
_ TN g n(l plogCl) | S0 (losth) +)

By considering |¢| < log®n and [t| > log®n, we can justify the expansion. The last observation
is that we end up with the Hankel integrals of the form

1 :
— [ (=t)" et logh(—t)dt,
21 JH
which reduces to the derivatives of 1/I'(av — 7). This completes the sketch of the proof for
(8.69). For details the reader is referred to [140]). n
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The most important aspect of the singularity theory comes next: In the analysis of
algorithms, analytic combinatorics, information theory, and many engineering problems, we
rarely have an explicit expression for the generating function A(z). We are lucky if we get
an expansion of A(z) around its singularities. For example, we are often left with A(z) ~
(1-2)"*=(1—-2)""+o0((1 —2)"%). In order to evaluate a,, as n — oo we need a “transfer
theorem” that will allow us to pass to coefficients of o((1 — z)~%) under the little-oh notation.
These transfer theorems are jewels of Flajolet and Odlyzko singularity analysis [140], and we
discuss them next. However, in order not to clutter our expositions too much, we consider a
particular example adopted from Odlyzko [330].

Let A(z) ~ V1 —2 =+1—2z+ f(2), where f(z) = o(y/1 — z). From Theorem 8.12 we
conclude that

1 1 1 3 _
M0 =)t = - (5 + 15 +On 2)).

Hence, we would like to prove that
[2")f(2) = [2"]o(V1 = 2) = o(n~*/?) (8.71)

as n — oo. The analyticity of f(z) in a region around zy = 1 is crucial for obtaining any
further information. Let us consider a few different scenarios:

e Assume f(z) is analytic in a larger disk, say, of radius 1 + § for some 6 > 0. Then by
Cauchy’s bound we immediately conclude that [z"]f(z) = O((1446")™™) for 0 < &' < 9, a
conclusion that is much stronger than the desired (8.71). Furthermore, this assumption
will not allow us to handle expressions like /1 — z log lev which often arises in analysis
of algorithms.

e If we only know that f(2) = o(v/1—2) in |z| < 1, then we may only conclude that
[2"]f(z) = O(1). This is true since |f(z)| < C in |z| < 1, where C is a constant, and for
all 7 < 1 and n > 0 we know that by Cauchy’s bound [2"]f(z) < Cr~". But this only
suggests that [2"]f(z) = O(1), a result that is far from what is required. However, if
we know some smoothness condition for the function f on the circle |z| = 1, then some
further progress can be achieved. This is due to Darboux and we briefly discuss it at
the end of this section.

We now consider the third scenario analyzed by Flajolet and Odlyzko [140]. Let us define
a domain around zg = 1 as follows

A(R,¢p)={z: |z| <R, z#1, |arg(z — 1)| > ¢} (8.72)

for some R > 1 and 0 < ¢ < m/2. The domain A is an extended disk around z = 1 with a
circular part rooted at z = 1 deleted, as shown in Figure 8.4. In our case, we assume that



297 Complex Asymptotic Methods

A-domain

1
/ C4

Figure 8.4: The A domain and the contour used in the singularity analysis.

f(z) can be analytically continued to A(R,7/4). We apply Cauchy’s formula to extract the
coefficients of f(z), and as the contour C we choose (see Figure 8.4)

C1 {z: |z—=1] =1/n, |arg(z — 1) > 7/4},
Co = {z: z:1+rei7r/4, 1/n <r <4},

Cs = {z: |z| =1+, |arg(z — 1) > 7 /4},
Ch = {z: z=1+re ™1 1/n<r <6},

where 0 < § < 1/2. We evaluate the following four integrals for j = 1,2, 3,4

1 dz

fi=o ¢, (Z)W-

The easiest to handle is f3, since f(z) is bounded on Cs (outer large circle). By Cauchy’s
bound
f3=0(1+957").

On C; (inner small circle), we have |f(z)| = o(n~/?) and the length of the circle is 27 /n, so
that

fi =o(n=%?)

as n — oo. Finally, we are left with Co and C4, which can be handled in a similar manner.
Let us consider Cy. Observe that for z = 1 + re™/4

|z7" = |[l+rcosm/4+irsinm/4|7"
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< (1+7)™"?% < exp(—nr/10)
for 0 <r < 1. Since f(z) = o(v/1 — 2), for any € > 0 we have
(L4 re™h)| < eV
This yields, after the change nr = z,

b sz [° 3/2
|fa] < 6/0 Vrexp(—nr/10)dr < en™3/ /0 Vzexp(—2z/10)dz = o(n~%/?)

as desired. In a similar manner we show that f; = o(n=%/2). Thus we prove that if f(z) is
expendable to the A-domain, then f, := [2"]f(z) = o(n~%/?). We should observe that the
critical derivation was the one on the rectilinear curves Co and Cj.

The method just described extends to big-oh notation as long as one can analytically
continue a function to the A(R, ¢) domain. For example, let f(z) = O((1—2)™%). Considering
the contour C as above, and bounding the integral on C; and Cs through Cauchy’s bound, we
are left with estimating

| fo] < 2—/ K (—) |1+ et /n| """ at,
m™m J1 n

where K is the constant from the big-oh notation, that is, such that |f(z)] < K(1 — z)~.
Since |1 + €*®t/n| > 1+ R(e**t/n) = 1 + n~ 't cos ¢ we finally obtain

K -
fal < 5= Tan®,

where J, = [{°t7%(1 + t1 cos ¢)"dt is bounded for 0 < ¢ < 7/2. We just established one
of the transfer theorems of Flajolet and Odlyzko.
In summary, the singularity analysis of Flajolet and Odlyzko is based on the following

transfer theorems. The proof follows in the footsteps of the above derivations, and details
can be found in [140].

Theorem 8.13 (Flajolet and Odlyzko, 1990) Let A(z) be A-analytical, where A(R, )
is defined (8.72). If A(z) satisfies in A(R,7) either
A(z) =0 ((1=2)"log”(1 - 2)7")
or
A(z) = o ((1=2)"log’(1 - 2)7"),
then either
[2"]A(z) = O (na_l log” n)

[z"A(z) =0 (n‘“_1 log? n) ,

respectively.
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A classical example of singularity analysis is the Flajolet and Odlyzko [139] analysis of
the height of binary trees. However, we finish this subsection with a simpler application that
illustrates the theory quite well.

Example 8.10: Certain Sums from Coding Theory
In coding theory the following sum is of interest (cf. [255]):

S HICICH

Let s, = n"S,, and S(z) be the exponential generating function of s,. In addition, let

1

B(z) = m,

where T'(z) is the “tree function” defined in Example 7.15 (Chapter 7) (cf. (7.31) and (7.32)).
Since [2"]T(z) = n"~!/n!, hence [2"]B(z) = n"/n!. Thus by (7.17) of Table 7.3 we find that

1

From Example 7.15 we also know that 7'(z) is singular at z = e~*. Using MAPLE we find

(see also [73] for a more detailed analysis)

2 11v2 4
T(z)—1= 2(1—ez)+g(l—ez)—i—g—g—(l—ez)?’/?—l-—g

135(1 —e2)? 4+ 0((1 —e2)’?)

in a A domain around z = e~!. Indeed, expanding z = ye™¥ in a power series around z = e~

we have
-1 -1
1 e

s=e =S - 0P Ol - ),

and after solving it for y we obtain the above expansion for T'(z). Now let h(z) = /1 — ez.
Then
1
2h(2) (1+ 2 VA(E) + Bh(2) + 0(h3/2(z))2
1 V2 L V2

= —/1— O(1— .
2(1 —e2) 3\/ 1—e2) 540 ez +0(1 )

An application of the singularity analysis (i.e., Theorems 8.12 and 8.13) yields

[ \/27r 1 41 ,
— e 1/n3/?
Sh 5 + + 1 135n+0( /ne),

S(z) =
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as shown in [413], from where this example is taken. We shall discuss another example in the
applications Section 8.7.2. O

What if A(z) cannot be analytically continued to a A domain? We still have some options.
One is real analysis, another is the Tauberian theorem. However, the most successful seems
to be the Darboux method that we briefly discuss next.

We start with a quick review of the Riemann-Lebesgue lemma, which is often useful, as
an intermediate result, in establishing asymptotics.

Lemma 8.14 Let f(t) be continuous in (0,00). Then

: o ixt _
lim /0 FH)e™tdt = 0 (8.73)

T— 00

provided the integral converges uniformly at 0 and co for all sufficiently large x.

The proof of the Riemann-Lebesgue lemma can be found in [331, 450]. We just observe
that it follows from a few simple facts. First of all, by the hypothesis, there are positive a
and b such that

/ f(t)eixtdt‘ <$ / f(t)eixtdt‘ <$
0 3 b 3

for any € > 0. In addition, since f(t) is continuous, it is bounded in [a,b]. Approximating f
by its value at a partition a =tg <t < ... <t, =b (e.g., |f(t) — f(t;)] < e/(6(b—a))) we
arrive at

b . n—1 tit1 ] n—1 tio1
[ swea =3 [ 1w - selertas Y g [ evar
a j=0 t; 20

tj

But the first sum is bounded by, say /6, while the second is bounded by 2n max{f}/z < €/6,
hence can be made as small as desired for large x, which completes the sketch of the proof.

Now we present the Darboux method. In this case, we assume only that A(z) is smooth
enough on the disk of convergence.

Theorem 8.15 (Darboux, 1878) Assume that A(z) is continuous in the closed disk |z| <
1, and in addition k times continuously differentiable on |z| = 1. Then

(2" A(z) = o(n™"). (8.74)

Proof. By the continuity assumption on |z| = 1 we have

n 1 dz
m=lAG) = oo AT
z=ei? 1 2

— A(e®)e 0 dp.
21 Jo
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By the Riemann-Lebesgue lemma we must conclude that a,, = o(1) as n — oo. This proves
the result for £ = 0. To get a stronger result we integrate the above by parts k times to see
that

1 o o
n (k) (10 ,—ni6
[z"A(z) = 27r(in)k/o AV (e™)e™™"de,

where A%) is the kth derivative of A. Again, the proof follows from the Riemann-Lebesgue
lemma. ]

As an example, consider A(z) = v(z)/v/1 — z, where v(z) is analytic at z = 1. Then

A(z) = o) O (VT = 2+ O0((1 — 2)*/?).

1—2z

Since (1—2)3/2 is once continuously differentiable on |z| < 1, we can apply Darboux’s Theorem
with k = 1 to show that [z"]O((1 — 2)*/2) = o(1/n).

Finally, we should mention that so far we have dealt only with a single singularity. Multi-
ple singularities can be handled in a similar fashion, however, some complications arise. The
reader is referred to Flajolet and Sedgewick [149] for details.

8.4 Large Singularities: Saddle Point Method

This section presents asymptotic methods for generating functions whose dominant singular-
ities are large. We recall that, roughly speaking, a singularity is large if the growth of the
function near such a singularity is rapid, say, larger than any polynomial. We shall see that
methods of the previous section that work fine for small singularities are useless for large
singularities. To focus, we concentrate on asymptotics of the Cauchy integral and hence
coefficients of some generating functions. In short, we shall investigate integrals like

I(\) = /C F(2)e M)z, (8.75)

where f(z) and h(z) are analytic functions, and X is a large positive parameter (often we
assume that A = n with n being a natural number and the coefficients of f and h are
nonnegative).

We start with the Laplace method which assumes that the path C in (8.75) is an interval
[a,b], and f(z) and h(z) are real-valued functions. Then we discuss the saddle point method
(also known as the steepest descent method) which by far is the most useful and popular
technique to extract asymptotic information of rapidly growing functions. It is one of the
most complicated methods, therefore, given the purpose and limitations, we do not present a
full discussion of it. The reader is referred to De Bruijn [84], Olver [331], and Wong [450] for
a complete and insightful presentations. However, we describe here a very useful (and largely
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forgotten) method of van der Waerden [443], and a well-known method of Hayman [192]. We
complete this section with an application of the saddle point method to large deviations. The
reader is also referred to an excellent survey by Odlyzko [330] and the book by Flajolet and
Sedgewick [149].

8.4.1 Laplace Method

Let us consider a special case of (8.75), namely

= / ' F(H)e O ag, (8.76)

where —oo < a < b < oo and z is a large positive parameter. Furthermore, let the minimum
of h(z) be attained at the point a < ty < b. Assume that f(tg) # 0 and h”(ty9) > 0. Roughly
speaking, as x — o0

f(t) exp ((=z(h(t) — h(to))) — f(to)d(t — to), (8.77)

where §(t) is the Dirac-delta function taking the value co at t = 0 and zero otherwise. We
approximate I(x) by

I(z) ~ /fto exp( (h(to) +1t—t)h"(to))dt

The second line is a consequence of (8.77) while the last line follows from the Gauss integral
that we discuss in the next lemma.

Lemma 8.16 (Gauss Integral) The following identities hold:

/OO kithd O k:1,3,5,... (878)
— z"e T = —1/2-k/2 )
vam Joe L k=0,2,46,...
and for fixed k and o > 0
/ e de = 0 (") (8.79)
0

as 0 — oo.
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The first identity above is nothing but moments of the Gaussian distribution. For the
latter observe that

o0 2 2 [ 2_p2 2
/ xke—aac dr = e—a@ / xke—a(:v -0 )dCC -0 (e—a0 )
0 0

since the integral converges for o > 0.
On the other hand, if the minimum of h(x) is achieved at the end of the interval, say at
t = a, and then for f(a) # 0 we obtain

b
I(@) ~ /a (@) exp (—a(h(a) + (t — )l (@) di
b

~  fla)e ™M) / exp (—z(t — a)h'(a)) dt

a
—zh(a)
_ fla)em™ (8.80)
xh'(a)
Finally, before we provide a rigorous proof of Laplace’s approach, let us say a word about
the principle of stationary phase that applies to integrals of the form

Fa) = [ fe O

where x is assumed to be large and positive. The underlying principle, due to Lord Kelvin,
is the assertion that the major asymptotic contribution comes from points where the phase
of h(t) is stationary, that is, where h’(t) vanishes. We should add that oscillations near such
points slow down. Heuristically, if ¢y € (a,b) is such that h'(tg) = 0, then

to+e .
F(x) ~ / F)e™®ae e >0,
t

0—¢€

N f(to)eimh(to)/oo eimh”(to)(t—to)2/2dt

2w ; T "
_ _ a4 i(xh(to)+Tsgn h'(to))
f( 0) x|h”(to)|e * )
where sgn(z) = 1 for x > 0 and sgn(x) = —1 for x < 0. The last equation above follows from

the Fresnel integral (cf. [2])
/Oo 21 dt = /2mei™/4,
— 00

As mentioned before it is not difficult to make the above analyses completely rigorous.
We now focus on the Laplace method and prove the following theorem.
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Theorem 8.17 (Laplace’s Method) Let
b
I(x) = / FH)e "0 g,
a

where —oo < a < b < 0o and x is a large positive parameter. Assume that

(i) h(t) has only one minimum inside (a,b) at point t = tg, that is, h'(tg) = 0 and h" (ty) >
0.

(ii) h(t) and f(t) are continuously differentiable in a neighborhood of ty with f(ty) # 0 and
1
h(t) = hto) + Sh" (to)(t - t0)® + O((t — to)*);

(i1i) The integral I(x) exists for sufficiently large x, say for x > &.
Then the following holds

/abf(t)e_xh(t)dt _ it xh?/?(rto)e—xh(m (1 L0 <%)) (8.81)

for x — oo.

Proof. We adopt here the proof from Lauwerier [283]. Without loss of generating we take
to = 0 (hence a < 0 and b > 0) and h(tp) = 0 (otherwise substitute ¢’ = ¢t — ty). We first
assume f(t) = 1 to succinctly spell out the main idea. From (ii) we conclude that there exist
constants ¢ and J such that

1
|h(t) — 5h”(0)152| <ctfP, |t <. (8.82)

We split the integral into two parts, namely,

1)
I(z) = / et 4 / e~ gt (8.83)
5 1¢[~6,0]

The latter integral can be evaluated as follows: By (i), u(d) = infjy~ 5 h(t) > 0 and hence

/ o= Th(t) gy
t¢]—5,6]

< / o—Eh(H)—(z—E)h(t) gy

t¢[—4,9]
< o @=Ou() / e~ gt — O(e=P)
o t¢[—5,0]

for some 3 > 0, where the last assertion follows from (iii).
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We now deal with the first integral of (8.83). Let w = h”(¢y). Then
6
L(z) = / e gy
-6

é 1 1
- / e_%x“’tht-l-/ e~ 3wt {exp <—x(h(t) - Ewt2)> - 1} dt.
—4 -

From Lemma 8.16 we estimate the first integral as

P 2m 2
—=xwt dt = 10) —x6 )
/f i oy o)

With the help of
et — 1| < Jt]el!

and using (8.82) several times, we evaluate the second integral in I;(z) as

5 1 4 1
‘/ ezt {exp <—x(h(t) — th2)> — 1} dt] < 26&0/ t3 exp (— <§th2 — cxt3>> dt
_5 0
g 1
< 2636/ t3 exp (—xt2 (—w — 56)) dt
0 2
<

4 2 00

26&0/ t3e—bt gy < —C/ wde " du,
0 b2z Jo

= O(:cil),

where b = %w — dc > 0 for sufficiently small 6. Combining everything we obtain (8.81)
for f(t) = 1. To extend to general f, we just follow the steps of the above proof using
f(t) = f(to) + O(t — tp). This completes the proof. ]

Laplace’s method has many applications in the analysis of algorithms. We illustrate it in
the evaluation of a certain integral arising from the analysis of b-tries with large b.

Example 8.11 Height in b-Tries for Large b
In Example 5 we studied the height of a b-tries. In particular, the height distribution
hk = Pr{H, <k} is given by (8.43), where the following truncated exponential is involved

k

b2—kb B 0o b _ 22~ b
1—|—z2*k—|—---+z :eZQk/ eww—dw—eﬂkll—/ eww—dw].
z 0

bl Y o

It proves useful to have the asymptotic behavior of the above integral, and this is summarized
in the lemma below.
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Lemma 8.18 We let

1 4 blogw—w eibbbJrl A/b b(log u—u+1)
I:I(A,b):a/o e dw = o /0 e du.
Then the asymptotic expansions of I are as follows:
(i) b,A — 00, a =b/A > 1
Ab 1 b 1
[=e"os - A7)
wlast  maa—ip o )]

(i) b, A — o0, b/A < 1

1 b 1 _
1-b/A  AZ(1-b/A) tou 2)] '

(iii) b, A — 00, A —b=+/bB, B = 0(1)

1 B 1
= — </ e "2y — ——(B* + 2)€_B2/2

V2T 3vb
1( B> B> B\ _p
- = = = — /2 —3/2
+ b( 18 36 12)6 +O(b )>‘

Proof. To establish this result we note that I is a Laplace-type integral (8.81). Setting
h(u) =logu—u+1 we see that h(u) is maximal at u = 1. For A/b < 1 we have h'(u) > 0 for
0 < u < A/b and thus the major contribution to the integral comes from the upper endpoint
(more precisely, from v = A/b — O(b~')). Then (8.80) yields part (i) of Lemma 8.18. If
A/b > 1 we write f(;‘/b(- ) = Jo (1) = [as(- ), evaluate the first integral exactly, and
use Laplace’s method on the second integral. Now h/(u) < 0 for u > A/b and the major
contribution to the second integral is from the lower endpoint. Obtaining the leading two
terms leads to (ii) in Lemma 8.18.

To derive part (iii), we scale A —b = VbB to see that the main contribution will come
from u — 1 = O(b~/2). We thus set © = 1+ 2/v/b and obtain

e—bpbtl (B x z |\ do
;o / e <b [10 (1 + —) - —D = 584
CI AV A NS R /Y AV A VA7 o
b b B 3 4 6
G e b (o) v

Evaluating explicitly the above integrals and using Stirling’s formula in the form b! =
V2rbble (1 + (12b)~! 4+ O(b2)), we obtain part (iii) of Lemma 8.18. This example is
adopted from Knessl and Szpankowski [261]. O
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8.4.2 Method of Steepest Descent

Here again we shall analyze (8.75), that is,

I(n) :/Cf(z)efnh(z)dz (8.85)

for n large, where f(z) and h(z) are analytic functions and C is a path in a complex plane.
We deform C into another contour C’ such that the region between C and C’ does not contain
singularities of f or h. The idea is to find such a path C’ that transforms the complex integral
I(n) into the real case considered in the previous section, that is, to reduce I(n) to the one
manageable by the Laplace method. In general, this is not an easy task and it requires quite
a bit of experience. Given the length of this chapter, we restrict ourselves to a short account
of the general method, explaining the underlying principle, and later focus only on Cauchy’s
coefficient formula, which is easier to handle than the general case.

To explain the method in somewhat more detail, we start with the general case. We
assume that f(z) =1, and h(z) = u(z,y) +iv(x,y) with z = 4+ iy. Our goal is to find such
a path C’ that

i) the imaginary part of h(z) on C' is constant.
(i) ginary p

This condition allows us to reduce the complex integral to the real case that we know how
to handle. Indeed, assuming z(7) is a parametric description of the path C’, and zy is a fixed
point on the path; hence, v(x,y) = constant = Jh(zp), the integral I(n) becomes

fn) = e [exp [nh(e(r) — h))

b
_ mnhiz0) /a exp [-nR(h(=(7) — h(z0))) S dr

for some a < 7 < b. Clearly, the latter integral can be treated by the Laplace method. In
particular, we expect the main contribution to come from a small region around a point zg that
minimizes the exponent, that is, u.(o,%0) = uy(xo,y0) = 0. But by the Cauchy-Riemann
equations (i.e., up = v, and uy, = —uvg; cf. [195]) at point zy also h'(z9) = ug(zo,y0) —
iuy(zo,y0) = 0. The point zy such that h'(zp) = 0 is called the saddle point of h(z). In
view of this, we add one more condition to (i), namely,

(i) the path C’ passes through the saddle point(s) h'(z¢) = 0,

which reduces (8.85) to the Laplace integral. This constitutes the backbone of the saddle
point method.

We now work out more details concerning the curve C’, which is always the hardest part
of the method. Let us try to understand condition (i) and its relationship to condition (ii).
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The Laplace method will work only if on the curve C’ near the saddle point the value of h
drops significantly. But this is the case, and here is why. Let us consider u(zx,y) as a function
of (z,%). Notice that |e™"M?)| = e="u(:¥) 50 the absolute value of the integral I(n) depends
on the behavior of u(z,y) along C'. Let now x(t), y(t) u(t) be a parametric description of a
curve on the surface u(x,y). It is known that (details can be found in Wong [450])

du

i Uy €os 0 + u,, sin 6

for some 0. To measure the steepness on the surface u(z,y) along the path u(t), one computes
the cosine of the angle a between the path and the u-axis. It can be shown that the derivative
of this cosine is zero (i.e., maximized or minimized) when

—Ug sin 6 + u, cos 0 = 0.

But then, again by the Cauchy-Riemann equation, this implies

% = vz cosf + v, sinf =0

on the path. Thus the steepest curve (where the derivative of cos « is zero) is also where the
imaginary part of h(z) is constant (i.e.,(h(z)) = v(s) =constant). In other words, the path
C' postulated in (i) is the steepest curve on u(z,y). Simultaneously, the curve C’' on u(z,y)
reaches the maximum/minimum value at the saddle point zy, where u, = u, = 0. Thus
“luckily” the second condition (ii) is also satisfied, and one expects most of the contribution
to the integral to be coming from a small region around the saddle point zj.

Example 8.12 Steepest Descent Method
Let

> —n(22—2zi)

I(n) = / e f(z)dz.
— 0o

The saddle point is at zp = i and 3(2? — 2zi) = 2z(y — 1) =constant represents the steepest

descent curves, where z = x+14y. In particular, y = 1 is the steepest descent curve that passes

through the saddle point. Accordingly, we deform the path (—oo,00) to the line Sz = 1,

reducing the integral to

I(n)=e™" /oo e_”th(t +4)dt

provided f(z) is well-behaved (e.g., no singularities in the strip 0 < Sz < 1). Then by
Theorem 8.17 we directly find that

s

I(n) ~e "f(i){/—.

n
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If, however, f(z) has a singularity in 0 < Sz < 1, we must add this contribution. For

example, assuming that
1
= —|— SN
fo)= =
where p # ¢, we must add 27iexp (—n(p2 — 2pi)). The situation is even more interesting
when p =i (i.e., the pole coincides with the saddle point). We shall discuss this case later in

this chapter (in particular, in Example 22). O

Hereafter, we concentrate on the Cauchy integral and study asymptotics of

an = [2"]A(z) = ! %A(Z) dz ! %eh(z)dz, (8.86)

Comi J T o

where
h(z) =log A(z) — (n+1)log z,
and A(z) is a generating function of rapid growth with positive coefficients. Since in this
case, |A(z)| < A(|z|) we have
‘m‘zix |A(z)| = A(r) (8.87)
for some r < R, where it is assumed that A is analytic for |z| < R < oo (and often R = 00).
Clearly, the saddle point zg of (8.86) is located at h'(z) = 0 or equivalently satisfying

A,(Zo) . n+1
A(20) 20

(8.88)

In view of (8.87), we may also compute the saddle point by observing that it must minimize
r M A(r).

We summarize what we learned so far in the next example, where we also work out all
details of the method that we later generalize to establish the Hayman result.

Example 8.13 Asymptotic of exp(z®)
Let us assume that A(z) = exp(z®) with a > 0. In particular, for &« = 1 we have
[2"]A(z) = 1/n!, so we can verify our analysis. Since h(z) = z* — (n + 1) log z, the saddle

point is at
n+ 1\ n\ Ve
o= () Q)
o o

Thus writing ny = n/a we have

(e

o 1 e?
2"e = —/ ——dz
"] 270 J)z|=ny 2"

= " /ﬂ exp (nleiae — m’@) do,

2r J_»
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where we substituted z = zpe’?. We now choose such 6, € (0,7) that for —6y < 6 < 6y the
following expansion is valid

. 1
e =14 iaf — §a292 +0(6%). (8.89)

For the above to hold, we need ensure that 6y = o(1). For such 6y, we split the integral into
three parts as follows:

ny" [ 1

L = L / exp (m — —naf? + O(n03)> do
2 J—p, 2
- '

I, = n;w /60 exp (nleme — m’@) do
1 .6,

_ M il -
I3 = o [ﬂ exp (nle m@) de,

where certainly I and I3 are of the same order, so we only estimate Is.

We first evaluate I;. Our goal is to reduce it to the Gauss integral, so we shall require
that

nb?

N
ndy —

00, (8.90)
0, (8.91)

and, of course, §p — 0 to assure validity of (8.89). A good choice is 6y = n~2/5. Then
exp (ng —n62/2 + 0(nh?%)) = (1 4+ O(n=/%))exp (n1 —nh?/2) and this yields

—n/a 00 00
(1 + O(n_1/5)) (g) en/e (/ e 2% 4y 2 ; e_%anede)
. o

(1 + O(n1/5)) <ﬁ> e e/ ( 2 _ O(e—an1/5/2)>

« an

(1 + O(nfl/‘r’)) (g) e e"/a\/g.

Now we estimate 5. For this, we observe |exp(z®)| = exp(R(z%)), hence

I

ny o[
|.[2| < ; / e cosaGdQ'
T Jo,

We want to show that I contributes negligibly. Since 6y < |0| < m we have

cosaf < cosaby = 1 — a?02/2 + O(63)
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provided af) < 2m — Oy since otherwise the above inequality would not hold. To assure this
condition will hold, we now restrict « < 1 (later we shall discuss the case a > 1). Then we
can proceed with our calculation to obtain

—n/a
|I2| < 2i < (ﬁ) en/aefoml/5/3 _ O(Ilefoml/s/ZS)’ a<l,
T (6%

since na~' cosaf < na~!t — an'/%/2 4 O(n=3/%). This finally proves that

[2"]e*" = (1 +O(n’1/5)) (g)ﬂ%/a e"/a\/g

for « < 1. When a = 1 we obtain Stirling’s approximation, as expected. O

The above example sheds some light on some complications that may arise when the
saddle point method is used but we do not use the steepest descent contour through the
saddle. The reader should notice that in the above we were unable to show that Iy is small
for @« > 1. A question arises whether we can overcome this difficulty by applying a more
sophisticated saddle point approximation. It turns out that we can, and let us illustrate it
for « = 2. Then

0 2n
a_y 2
© = Z n!
n=0
so that .
[="]e { 0 otherwise
or simply

ny z2 1+(_1)n 1
e = ——

In other words, the coefficients a,, = [z”]ez2 oscillate. Why then could we not handle it by the
saddle point method? The culprit lies in the multiplicity of the saddle points. For a = 2 we
have two saddle points, at zg = (n/a)"/® and at —zy. Multiple saddle points almost always
lead to some periodicity in the asymptotics coefficients, and one must be more careful with
the selection of the steepest descent contour. We shall not discuss it in this book; the reader
is referred to De Bruijn [84] or Wong [450] for a detailed discussion.

Let us now generalize Example 13. Consider

1 A(Z) 1 & 0\ —in
n = = dz = A(re' "Ude
o= e [ S = o [T A
_ L 0y _
= 3= /_ﬂ exp (logA('re )—m@) do. (8.92)
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Formally,
iy _ - (i0)"
log A(re*) = log A(r) + Z ag(r) T (8.93)
k=1 ’
where
ai(r) = a(r)= Tdifn log A(r) = ril((:)), (8.94)
2
ag(r) = b(r)= (r%) log A(r) = rd'(r), (8.95)
ar(r) = kag_1(r). (8.96)

Let us continue our formal derivation and assume that the whole contribution to a,, concen-
trates near one saddle point, say rg, determined by

di@ (log A(re®) — z’n@) =0,

that is,
a(rg) = n. (8.97)

Then, after an application of the Gauss integral (8.78), we formally obtain the saddle point
approximation

A(ro) /90 —b(ro)02/2 A(ro)
o~ r0)0?/2g ~ —LN0) 8.98
“ 2y J—g, ¢ T/ 2mb(ro) (8.98)

provided 6 is appropriately chosen and Y (rp) # 0. The main ingredients of the saddle point
approximation are summarized in Table 8.4. We shall justify them below.

However, one must be very careful with a blind application of this heuristic. We have
already seen when the saddle point method breaks down due to the impossibility of estab-
lishing smallness of the integral for 6 € (—m, —6y) U (6p, 7). Now we discuss an example when
the main contribution from 6 € (—6p,6y) does not give the right asymptotic approximation
and the above heuristic again breaks down.

Example 8.14 Invalid Application of the Saddle Point Method
Let us consider [2"](1 — 2)™ for a not being a negative integer. We “blindly” apply the
saddle point approximation. We find that ro = n/(n + «) and b(rg) = n(n + «)/a. Using

(8.98) we should obtain
(1 — 2)"% ~ a—1 E)a i
R e G T

which is not equal to n®~!/I'(a) as proved in Theorem 8.12. For example, for o = 1 we have
z

e/V2r =1.0844... #1 = [2"](1 —2)"L. O
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Table 8.4: SUMMARY OF THE SADDLE POINT APPROXIMATION

Input: A function g(z) analytic in |z| < R (0 < R < +00) with nonnegative Taylor coefficients
and “fast growth” as z — R™. Let h(z) :=logg(z) — (n+ 1) log z.
Output: The asymptotic formula (8.107) for g,, := [2"]g(z) derived from the Cauchy coefficient

integral
1 dz 1 .
gn = — /Cg(z) T = /Ceh( ) dz, (8.99)

2 %

where C is a loop around z = 0.

(SP1) SADDLE POINT CONTOUR. Assume that ¢'(z)/g(z) — +00 as z — R™. Let r = r(n) be
the unique positive root of the saddle point equation

/
Hry=0 o Ty 8.100
) o (5,100
so that 7 — R as n — oo. The integral (8.99) is evaluated on C = {z | |z| =r}.

(SP2) BASIC SPLIT. Assume that h" (r)Y/3h"(r)=1/2 — 0. Define § = §(n) called the “range”
of the saddle point by

5= h///(r)fl/6h//(r)*1/4 , (8.101)
so that
5 — 0, (8.102)
h”(’l”)52 — o, (8.103)
h///(r)é?) 0. (8.104)

Split C = Cy U Cy1, where

Co={z€eC|larg(z)| <}, Ci={z€eC| |arg(z)| > d}.

(SP3) ELIMINATION OF TAILS. Assume that |g(re?)| < |g(re®)| on Ci. Then, the tail integral
satisfies the trivial bound,

/ ") dz

C1

(SP4) LOCAL APPROXIMATION. Assume that h(re®) — h(r) — 2r262h" (r) = O(|W" (r)&%|) on
Co. Then, the central integral is asymptotic to a complete Gaussian integral, and

=0 (|e*h<’“€”>|) . (8.105)

1 Z — g(r)r‘” "
ﬁ/co ") dz = NeZiO] (1+0(n" (1)5%))) (8.106)

(SP5) COLLECTION. Assumptions (SP1),(SP2),(SP3),and(SP4) imply the estimate:

(8.107)

9() = gy (1O 0) ~ It
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Now we are ready to rigorously establish the saddle point approximation (8.98) and
generalize Example 13. After Hayman [192] (cf. also [191]), we define admissible functions
A(r) that satisfy the following three conditions:

(H

1) there exists a finite number Ry such that A(r) > 0 for Ry < r < oc;
(H2) lim, o b(r) = +00, where b(r) is defined in (8.95);
)

(H3) for some 0 < d(r) < m we have with a(r) defined in (8.94)

A(re') ~ A(r) exp <i9a(r) - %9%(1”)) , T —00 (8.108)
uniformly in |0| < §(r), and
A(re'?) = o < Ag:)) . r— 00 (8.109)

uniformly in 6(r) < 0] < 7.
We observe that by (8.93) condition (H3) implies
= (i6)*

Z a(r) T 0

k=3

as r — oo for §(r) < 7. By (H2) we also have
52(r)b(r) — oo

as 7 — 00. To evaluate [z”]A( ) for A satisfying (H1)-(H3) we use Cauchy’s integral (8.92)
split at 0 = &(r), that is, a,r™ = I + I, where

I, = / A(re®)e= 0 qg
2

2r—§
— —inf
I, = o /—6 A(re®)e= ™m0 qg.

By (H3) we have Iy = o(A(r)/+\/b(r)) as r — oo. After another application of (H3) the first
integral becomes

Ar) (9 _
5L = 2(7r) /_5 exp (z(a(r) —n)f — b(r)c92/2) df + o(f(r)/\/b(r))
y=0:/b(r)/2 A7) (a(r) — n)? s .
IV (o R <_T(T)> [ Jexp | (y —icy)*| o
A ()
27h(r) 2b(r) ’

where ¢ = (a(r) — n)\/2/b(r). We formulate the final result as the following theorem.
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Theorem 8.19 (Hayman, 1956) (i) For admissible functions A(z) = 3,50 an2" satisfy-
ing conditions (H1)-(H3) we have uniformly asn — oo

T a\r)—mn 2
() 0)

as r — oo.

(ii) If A(z) and B(2) are admissible, then e*?) and A(z)B(z) are admissible. If P(z) is a
polynomial and A(z) + P(z) is admissible, then A(z)P(z) and P(A(z)) are admissible, too.
Finally, e”®) is admissible, if [z"]e’?) e RT.

In passing, we observe that to get the saddle point approximation from Hayman’s theorem
one defines r,, as a unique solution of a(r,) = n. Such a unique solution exists since by (H2)
b(r)ra’(r) — 400, hence a/(r) > 0 and a(r) must be an increasing function in some interval.
This suffices to prove the assertion.

Example 8.15 Asymptotics of the Bell Numbers
In Example 10 we defined Bell numbers b,, satisfying

o o
exp(e® — 1) = z%bna.
n=

By Theorem 8.19(ii) exp(e* — 1) is admissible with a(r) = re” and b(r) = (r? 4+ r)e”. By
Theorem 8.19(i) we have

nlexp(e™™ — 1)
/21 (rp 4 1)1, exp(ry,)’

where 7, is defined by r,, exp(ry,) = n. ]

by, ~

Finally, we discuss one systematic approach to the saddle point method due to van der
Waerden [443] that is particularly useful when the saddle point coincides with a pole. We
present this method in a rather formal way, but it is not difficult to make it rigorous, as with
Hayman’s method, by stating necessary restrictive conditions on the admissible functions.
When discussing this method we again return to the general integral representation (8.85).
We shall follow here the presentation of Lauwerier [283].

Consider again the integral

1) = [ e,

where C is a contour that starts and ends at infinity. We define the van der Waerden trans-
formation as

w = h(z), (8.111)
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Figure 8.5: A contour in the van der Waerden method.

where w = u+1iv. The importance of this transformation lies in changing the steepest descent
lines into the horizontal lines in the (u, v) plane. Furthermore, this transformation is singular
at the saddle points of h(z). We assume now that:

(W1) f(2) and h(z) are algebraic functions of z;

(W2) The function

P(w) = [(=(w)) 2

does not grow faster than an exponential function, that is, |P(w)| < Be®™! for some
positive constants B and c.

Under this assumption, any saddle point A'(z) = 0 becomes a branch point in the complex
plane. Then also the integral becomes

I(n) = / e Fw) L dw, (8.112)

dw
where C’ is a contour that meanders between branch points and poles of the w plane, as
illustrated in Figure 8.5(a). We should observe that apart from branch points and poles due
to the factor dz/dw there might be some singularities coming from f(z(w)).

To obtain the saddle point approximation we deform the contour C’ into another one C”
that will minimize |e”"*| = e¢~™*. This means to shift C’ to the right as much as possible.
It should be clear that the best contour satisfying this condition is one that consists of loops
surrounding the branch points and poles, coming from infinity in straight lines from the right
and going back to infinity to the right, as illustrated in Figure 8.5(b).
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Let us discuss a concrete situation and assume that w = 0 is a single branch point of
order one. A local substitution w = s? will transform the integrand function into

dz 1 dz

P(s) i= f () 5 = F((D) 5

so that it has a pole of the first order at s = 0. This implies that F'(s) admits an expansion
F(s) = a_1s P +ag+ais+ -,

which yields

o0
I(n):/ ons? (a1+a05+a152+..-)ds:,/f<2a1+ﬂ+~-).
mn n

— 00

More interesting, if the saddle point (i.e., branch point at w = s?) coincides with the pole at
s =0, then F'(s) becomes

F(s)=a_gs*4+a_1s " +ag+as+---,
which is easily computable through the following formula (cf. [2])

1 o0 aac2
—/ € _dr=e"(1— ®(bv2a) (8.113)

271 J_oo x — b

provided a > 0, where

O(x —/2q4

1 x
= — e
) vV 27‘1’ /—oo
is the standard normal distribution.

Example 8.16 [llustration of the van der Waerden’s Method
Consider the integral
00 e—n(22—2zi)
I(n) = / ———dz.

The saddle point is at z = i, which coincides with the pole of 1/(2% + 1). According to van
der Waerden’s approach we consider the transformation

22—2,22':1—1—82,

which simply becomes z =i + s. Then

1 1 1 18
= 1242 0(s?
21 2 Tatg TOG)
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and
> 1 1
I(n) = e " ‘/7<><> e_n52 <% + Z + % + 0(52)> ds
e ~3/2 )
= e (2 + 4\/;-1—0(71 )],
where the last line follows from (8.78) and (8.113). O

In the next section (see Example 22 below) we present another example that even better
illustrates the power of the van der Waerden method.

In passing we should observe that other complications with the saddle point method may
arise. For example, let the saddle point zy be of order m; that is,

W (z) =h"(z0) = - =h"m V(z) =0, and h™ (%) #0.

In this case one must apply the generalized Laplace method discussed in Exercise 15. More
difficult to handle are coalescing saddle points: Imagine that the integral I(n,«) defined in
(8.85) depends on the parameter « such that for o # o there are two distinct saddle points
z+ and z_ of multiplicity one. For a = g these two points coincide to a single saddle
point zy of multiplicity two. Based of what we have learned so far, we conclude that (under
appropriate assumptions) for o # ay

It 1/2

T 11/2
nh"(zy) ; )]

I(n,a) ~ f(zq)e M=) { w(2)

+ fa)ee) |

For a = o the asymptotic behavior of I(n,aq) differs radically since h”(zp) = 0. Following
the approach from Exercise 15, one arrives at

1/3

9

where A is a constant that depend son the contour C. Thus the order of n changes discon-
tinuously from 3 to % The interested reader is refereed to Wong [450], and Bleistein and
Handelsman [51] for detailed discussions (cf. also Banderier et al. [32] for an application of

coalescing saddle points to planar maps).

8.4.3 Local Central Limit Theorem and Large Deviations Revisited

The saddle point method finds many applications in probability theory. In particular, it can
be used to derive a local central limit theorem and a local large deviations result. The reader
may want to review and compare Chapter 5 before reading this section. Following Greene
and Knuth [171] we give here a short presentation (see also Section 8.6). Further readings
on this topic are Bender [36], Bender and Richmond [40], and Daniels [81].
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Let us consider S,, = X1 +---+X,,, where X, are i.i.d. discrete random variables with the
probability generating function G(z) = E[z*1] = 3,50 Pr{X; = k}z*. Let p = E[X;] and
02 = Var[X}]. Clearly, the probability generating function of S,, is E[z%"] = G™(z). Then

1 G"(2)
j— P— k Sn —
Of particular interest are two cases: (i) k = nu + r with r = o(y/n) (central limit regime),
and (ii) k = n(p + A) = na, where A > 0 or a > p (large deviations regime).
We adopt the following three assumptions:

(K1) The generating function G(z) is defined in |z| < 1+ ¢, so that

242 3 4
o ot K3t Kyt
G(e') = exp <ut + 5 + i + 1 ) ;

(8.114)

where £; is the jth cumulant of X; (cf. Section 5.4).
(K2) G(0) # 0.

(K3) X is not periodic, that is, the greatest common divisor of all k& with Pr{X; =k} # 0
is one.

Under these assumptions, we observe that the Cauchy integral above can be evaluated by
the saddle point method with the saddle point at z =1 — O(1/n) ~ 1, hence

1 T Gn eit
Pr{S,=pn+r}= %/7 ﬁdt.

This integral can be evaluated by the Laplace method after noting that under (K3) for
§ < [t| < m there exists a < 1 such that |G(e')| < a, and

G™(e') - o’nt?  kgntd  kynt?
e R U R S T TR

If we choose 8°n — oo (say & = n'/2%¢), then the Laplace method yields, after a careful
evaluation,

Pr{S, =pn+r}= L ex —_7“2 1—ﬁ<£>+ﬁ ﬁ +0(n=%?). (8.115)
- © oV2mn Pl 202, 20% \n 606 \ n? T

We mentioned this result in Section 5.4.
This is the local central limit law, from which we can obtain the central limit law after
summing over r. Unfortunately, like all central limit results, the formula suffers from weakness
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since the range of its applicability is limited to r = o(y/n) due to the fact that the error term
is only a polynomial of n=/2. But there is a remedy: To expand the range of its validity one
should shift the distribution to a new location. This is called the method of shifted mean. In
Section 5.4 we used a variant of it called the exponential change of measure to obtain large
deviations results. Below we shall show how to recover a stronger large deviations result for
discrete distributions by the shifted mean method.

The idea is to shift the mean of S,, to a new value such that (8.115) is valid again. Let
us define a new random variable X whose generating function is

~ \_ G(za)
G(Z) - G(CM) 9
where « is a constant that is to be determined. Observe that
NI
- ")  G(a) G'(a)\?
X] = o? —a? ( ) . 11
Var|[X] a Gl —I—OéG(a) o' Gl (8.117)

If one needs a large deviations result around m = na = n(u + A), where A > 0, then clearly
(8.115) cannot be applied directly, but a proper choice of a can help. Let us select o such
that the new S, = X; + - -- 4+ X,, has mean m = n(p+ A). This results in setting a to be a
solution of

aG'(a) m
Gl —E—a—u—kA. (8.118)
Then a change of variable yields
"G (2) = G;ﬁf‘) =) (%gf))) . (8.119)

Now we can apply (8.115) (with r = 0) to [2™] (GG((OZ)))H since m = an and E[X{] = a = p+A

so that E[S,] = an. We rewrite the above as follows

1
Pr{S, =nal = ———e @ (14 0(1/n , 8.120
(S = na} = =1 (14 0(1/m) (5.120)
where 62 = Var[X1] given by (8.117) and I(a) = alog a —log G(c). This is a stronger version
of Theorem 5.19 if one sets \, = log «.

Example 8.17: Large Deviations for the Binomial Distribution
This is taken from Greene and Knuth [171] (a more sophisticated example is presented
in Section 8.6). Let S, be binomially distributed with parameter 1/2; that is, G™(z) =
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(1 +2)/2)™. We want to estimate the probability Pr{S, = n/3} = ["/?](z/2 4+ 1/2)" which
is far away from its mean E[S,,] = n/2. Shift of mean yields « such that

aG'(e) a1
Gl@) 14+a 3
(i.e., « = 1/2). Using (8.115) we obtain

and an application (8.120) gives

Col/3\ "
2"/ (2/2 4 1/2)" = <3 : ) Ngﬁ (1- 55 +0™)

for n — oo. a

8.5 Finite Sums as Complex Integrals

In Section 8.1.2 we saw how a series may be represented by a complex integral. Such a
representation is often quite useful, and often can be easily evaluated by the residue theorem.
Here is another representative example of this kind

n m—%—i—ioo T
SV = o [ ) s

= 278 Jm— 1 —ico sin s

which is true under suitable conditions on f(s) (e.g., polynomial growth), where f(s) is an
analytic continuation of fy, that is, f(s)s=x = fx. The above is a direct consequence of the
residue theorem and the fact that Res[r/sin(rs), s = k] = (—1)*, provided f(s) does not
have any other singularity right to the line of the integration.

In this section, we discuss an important finite sum that often arises in the analysis of
algorithms (see Section 7.6.1). Namely, we deal with the following alternating sum

n
Sulf] = Z(—l)’“(}j) i
k=m

where fi is a known, but otherwise, general sequence. Due to the alternating sign this sum
is not easy to evaluate by traditional methods. In fact, we shall show that there are some
fluctuations involved in its asymptotics that can be easily treated by complex asymptotic
methods. We will not dwell too much on this topic since there is an excellent survey on such
sums by Flajolet and Sedgewick [148]. The reader is referred to it (and other references such
as Knuth [269] and Szpankowski [407]) for more examples.
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Theorem 8.20 (Rice’s Formula) Let f(s) be an analytic continuation of f(k) = fi that
contains the half line [m,00). Then

Snlf] = znj(—n’“(?;) fr = (;2” /Cf(s)s(s_ 1)”! ds, (8.121)

= o (s—n)

where C is a positively oriented curve that encircles [m,n] and does not include any of the
integers 0,1,...,m — 1.

Proof. It is a direct application of the residue calculus after noting that the poles of the
integrand are at k=m,m+1,...,n and

n! R R
Res |~y (o) s = H = (<) (k)f<k>.

This completes the proof. |

There is another representation of S,,[f] that is sometimes easier to handle computation-
ally. (It is called by Knuth [269] the gamma method.) In this case, however, we must restrict
f to have a polynomial growth, that is, f(s) = O(|s|¥) for some k as s — oco. In fact, when
evaluating the integral in the Rice method we usually must impose some growth condition
on f over large circles.

Theorem 8.21 (Knuth, 1973; Szpankowski, 1988) Let f(z) be of polynomial growth at

infinity and analytic left to the vertical line (% —m — ioo,% —m +ic0). Then
1 %ferioo
Salfl = 5= / 9B+ 1,2)d (8.122)
1 [3—mtico _ z(z+1)
S () (1 22T 12
i i T (1255 (3123)
z(1+ 2)

_l’_

s B+ 2 -1)+ O(n‘3)> dz,  R(z) >0,

where B(x,y) = T'(x)I'(y)/T(z + y) is the beta function.

Proof. We again use the residue theorem, the fact that Res[['(z), z = k] = (—1)¥/k! and
Res[B(n +1,2), z = k] = (—1)*(}). However, some care is needed. Let us consider a large

rectangle R, ys left to the line of the integration, with corners at four points (% - M +ia,
c+t1i), >0, M is a positive integer, and ¢ = % — m. By Cauchy’s theorem the integral in

(8.122) is equal to the sum of residues in R, ps minus the values of the integral on the bottom,
top and left lines of the rectangle. We must prove now that the integrals along left, top, and
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bottom lines are small. This is not difficult due to the behavior of the gamma function for
imaginary values (cf. (2.34)) and the polynomial growth of f. We consider the integral along
the top line, which we denote as I7. Using the estimate (2.35) for the gamma function we
obtain

Ir| = O (em/2 /;(a/n)ﬂf(—x _ z’a)|d:c> —o0.

Let now Iy be the integral along the left line. We need a different estimate here. Using
successively I'(z + 1) = 2I'(z) we first observe that

D(5 — M +ig) = T +i9)/O((M ~ 1)),

Then
n

M oo
1] =0 (W—_l), ez il -1z z‘y>|dy) ,

which also tends to zero as M — oo since the integral converges due to the exponential
smallness of I'(z) along the imaginary line and the polynomial growth of f(z). This completes
the proof. |

Example 8.18: Asymptotics of an Alternating Sum
In Section 7.6.1 we encountered alternating sums of the following type

n—+r
B k[t k 1
SnJrr - kz:;( 1) ( k ) <T> 1 — p,k — q,ku (8124)

where p4+q = 1. We now use Theorem 8.21 to obtain asymptotics of 5,4, as n becomes large
and 7 is fixed. We first slightly generalize Rice’s method by observing that for any sequence

Tk
n+r n
swm—Z(—l)k(ﬁ’”)(ﬁ)ﬁ—<—1>’“<”j’”> > <—1>k<z>f<k+r>,

k=2 k=[2—r]*

where 7 = max{0,x}. Thus by (8.123) the sum (8.124) becomes

_1)7‘ 1 %*[271”}"’4’2’00 1
Spir=(1+0(n! ( —/ n"*T'(z dz+e
n+r ( ( )) ! omi %—[2—T]+—Z‘OO ( )1 _ pr—z _ qr—z n
where e, is an error term that we discuss later. Naturally, we evaluate the integral by the
residue theorem. However, first we observe that the function under the integral has infinitely
many poles that are roots of
1 — pT—Z + qT—Z .

This equation appears many times in this book, and we need to study the locations of these
roots in order to find asymptotic expansions of 5,1, and similar expressions. The reader is
asked in Exercise 20 to provide a full proof of the following lemma.
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Lemma 8.22 (Jacquet 1989, Schachinger 1993) Let z for k = Z = 0,+1,£2,... be
solutions of

p—Z+T’ + q—2+7‘ — 1’ (8125)
where p+q =1 and z is complex.
(i) For all k € z ={0,£1,£2,...}
—14+7r <R(z) < oo+, (8.126)
where gq is a positive solution of 1 + q~° = p~°. Furthermore,
(2k — 1) <) < 2k + )7 .
log p log p

(ii) If R(zk) = =1+ r and I(zx) # 0, then logp/logq must be rational. More precisely, if

}23 = 2, where ged(s,t) =1 for s,t € Z, then

2ksmi
log p

zp=—14+1r+ (8.127)

forall k € Z.

Proof. We give only a sketch of the proof for r = 1. Let us assume that z = —1 + it is a
solution of p=% 4+ ¢~ % = 1. Then

PP+ qF = 1=ptag=pp""+¢""
= P+l

Now we know that the first and the last expression are equal and both equal to 1. But for
complex numbers u and v the equality |u + v| = |u| + |v| holds if and only if u = Av, with
some real A > 0. Therefore, p~* and ¢~* have the same argument in the complex plane. But
p~?4q % =1, hence the argument in question must be zero. This means that p~* as well as
q~— % are nonnegative real numbers as soon as z is a solution. Their imaginary parts are zero,
which yields

sin(tlog p) = sin(tlog q) = 0.

Therefore, tlogp as well as tlog g are an integer multiple of 7, from which it follows imme-
diately, that the ratio of log p and log ¢ has to be rational, if ¢ is different from zero. Also, if
this ratio is not in Q, then there does not exist a solution with real part —1 and imaginary
part different from zero. ]

Based on the above lemma, we conclude that either R(z;) > r — 1 for logp/logq ¢ Q or
z =r — 1+ 2miks/logp when logp/logq = s/t € Q. In any case, the line R(z) lies to the
right of the line of the integration (3 — [2 — r]* —ico, 3 — [2 — 7|* + ic0). We now apply
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Table 8.5: Upper Bound on |P,(n)| as a Function of r.

O
-2 | .1725 107°
1573 107°
1426 1074
1300 103
1207 102
1153 1071
1142 1079

1.1823
12.8529
147.2071
1779.8207

1
—_

0N T | W N+~ O

the closing-the-box method discussed in Section 7.6.3. We consider a big rectangle with the
left side being the line of integration, the right side positioned at R(z) = M (where M is
a large number), and the bottom and top sides positioned at J(z) = +A, say. We further
observe that the right side contributes only O(n"~*) due to the factor n"~# in the integral.
Both the bottom and top sides contribute negligibly, too, since the gamma function decays
exponentially fast with the increase of the imaginary part when A — oo. This fact was
already used in the proof of Theorem 8.21. In summary, the integral is equal to a circular
integral (around the rectangle) plus a negligible part O(n"~™). But then by Cauchy’s residue
theorem the latter integral is equal to minus the sum of all residues at z, that is,

(—1
r!

Spr = — f i Res (1 v T() z = Zk:) +0(n" M) . (8.128)

— —
oo _pr Z_q’f‘ z

The minus sign above indicates that the contour is encircled in the clockwise direction. When
logp/logq ¢ Q, then R(z;) > r — 1, hence Sy, = o(n).

Now we consider log p/log = s/t € Q. In this case, the main contribution to the asymp-
totics comes from zp = r — 1, which is a double pole. We shall use the following expansions
for w =z — 2z

n"* = n(l—wlnn+ Ow?),
1
1—p 2 —¢ 3t = —wlnt4 §h2h72 + O(w),

I'(z) = (-1 Nw—~+ 0r0) +O(w) r=0,1,



326 Complex Asymptotic Methods

where h = —plnp — qlng, ha = pln®p+ qIn? ¢, and v = 0.577215. .. is the Euler constant.
Considering, in addition, the residues coming from z; for k # 0 we finally arrive at

%n(lnn +7v =060+ %hg) + (_l!ynPr(n) +e, 7=0,1

T

SnJrr -

nré;ﬂ;h (=1)"nP.(n) + e, r>2,

provided logp/log = s/t € Q. In the above P,(n) is a contribution coming from zj, for k& # 0,
and one computes

1
P.(n) = — Z [(r — 1+ 27ks/log p) exp(2mikslog, n)
kez\{0}
1
= — Z [(r — 1+ 27ks/log p) exp(2mikslog, n),
h k-0

where throughout we write 3-; . 1= > ez 10y We observe that P.(n) is a periodic function
of log,n with period 1, mean 0, and small amplitude for small r. For example, when
p=q=1/2 we have

1

Pr(’l’l) = m

Z ['(r — 1+ 27mik/log 2) exp(—2mik logy n).
k-0

The absolute value of P,(n) is shown in Table 8.5 for some r. Observe that the amplitude of
P.(n) is very small for small r but rapidly increases even for moderate 7.
Concerning the error term e,; it can be represented as

_1\  pr—[2—r]T+ico
en:O<LL&/2 nT—Z(Z(Z+1)F(Z) 1 dZ),
2

2n 27 1! L _[2—r]*t—ico 1—pr—2—qg—=*

hence the same procedure as above may be used to evaluate the integral. Clearly, e,, = O(1).
O

Alternating sums arise in many computations, and we often must use various asymptotic
methods to evaluate the integral involved. The reader is referred to Flajolet and Sedgewick
[148] and exercises at the end of this chapter for more examples. For example, if F'(z) denotes
the ordinary generating function of f; and S(z) the ordinary generating function of S,[f],
then one obtains, as in Example 7.11 of Chapter 7,

1 z
S(z) = F (- .
(2) 1—2 ( 1-— z)
Thus if F(z) has algebraic singularities, so S(z) does, and one can use the singularity analysis
to derive asymptotics of S,.
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Furthermore, this approach works fine also for the binomial sums defined as
_ n n
Salf1=>_ |, |p"¢" " fr, a=1-p.
k=0 k

Again, the ordinary generating function S(z) of S,[f] can be expressed in terms of the
generating function F'(z) of fi as

§(z) = — F( bz )

:l—qz 1—gqz

Binomial sums were studied by Flajolet [129] using singularity analysis. We shall return to
them in the final chapter of this book, where they are solved by the depoissonization tool.

We complete this section with the analysis of an interesting alternating sum that requires
an application of the saddle point method in the Rice formula. Moreover, in this case the
saddle point coincides with a pole.

Example 8.19 Digital Search Tree
In the analysis of digital search trees Louchard [290] considered the following sum

k
Fo(k) =) <§>piq’“‘i(1 —pig"hm, (8.129)

1=0

where k = O(logn) and p+ g = 1. This is related to the depth in a digital search tree, and
therefore of particular interest is the case when k = %logn + zy/logn and z = O(1). As
before, let h = —plogp — qlog q be the entropy. First, observe that

Fo (k) = Z (l;)piqkz—iz <Z> (—1)nEptiqttk=i)

>0 £>0

_ UR WY/ E\ ie+1) (k—i)e+1)
- 2 (0)evrg ()

i>0
n £ 641 | O+1NK
= Z<€>(—1) (P g hE
>0

The last sum is an alternating sum and can be treated by the Rice method. Using Theo-
rem 8.21 we arrive at the following;

1 %ﬁ%oo 1 1 &

Falk) = 5= (1+ O(l/n))/ n= T (s)(p'=° + ¢'=*)*ds. (8.130)
i

1 .
27100
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Theorem 8.23 Let hy = plog?p + qlog®q and 0> = (hy — h?)/h® with p # q. For k =
%logn + yo+/logn we have as n — oo

Yy
e 12t (8.131)

Fo(k) ~ ®(y) = NG /_Oo

provided y = O(1).
Proof. We apply the saddle point method, and estimate the integral

Tn) = L /_ T () (1 4 )R

21t J1 _iso

for k = ¢1 logn + x+/logn, where ¢; = 1/h and = = yo. Clearly,

_ 1 oo 1-s 1-s

I(n) = 5 /__wo I'(s) exp (—(slogn —klog(p™° +¢ ))) ds.
Observe that

(logn — kh)?

2
logn — klog(pi=* + q1=%) = — B =50y gy (ogn = k)7 ks
slogn Og(p +4q ) 2 ( 2 )+ Qk(hg —h2) +O( s )7

where
logn —kh -y

k(hy —h%)  hoy/logn'

Let now s = s + it. Since s is also close to a pole of I'(s) we must use

So —

1 _ S0 it
so+it  sE+t2 sE+t?

I'(s) ~

Substituting u = t?> and z = yo, and putting everything together, we finally obtain

1 [o¢]
I(n) ~ —,6792/2/ et’h?o?logn/2__50 (14 O(xz/+/logn))dt
? 0

T s3+ t2
o0 1
(Ol [Ty,
(@/vlogn)) o ¢ VBT
where 3 = h%20%logn/2. But it is known that (cf. 12])
1 fee 1 1 2
— W _du = — e 0,
mily © Vu(s3 + u) R (s0VB),
where
Erfe(x /
f
Then

1) ~ %Erfe(—y/@ =1 B(y) = Bly),

where ® is the standard normal distribution. The reader is asked in Exercise 19 to use the
van der Waerden method to prove this result. O
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8.6 Limiting Distributions

In this section we shall apply the asymptotic methods learned so far to derive limiting distri-
butions of a sequence of random variables from its sequence of generating functions. We shall
mostly deal with normal approximation since the Poisson approximation (used to estimate
rare or exceptional occurrences) is a subject of a recent book by Barbour, Holst and Janson
[33].

8.6.1 Discrete Limit Laws Through PGF

From now on, we shall deal with a sequence of nonnegative discrete random variables X,, > 0
and the corresponding sequence of generating functions G, (z) = E[z*"]. A natural question
to ask is whether one can infer from the limit of G, (z) (n — 00), if it exists, whether the
coefficients p,, = [zF]G,(2) (for any fixed k) tend to a limit, say px = lim,— Pr{X,, = k}
such that Y ,~opr = 1. If the latter holds, then X, is said to satisfy a discrete limit law. A
continuity theorem for the probability generating functions (PGF) answers the above question
in the positive. Interestingly enough, convergence to a discrete law, if exists, is always
uniform, as we shall see below.

Let G, (z) = E[2%"] be a sequence of generating functions. Observe that G, (z) are
uniformly bounded since |G, (z)| <1 for |z| < 1. If, in addition, G,,(2) — G(z) then Vitali’s
theorem (cf. [424] pp. 168) applies. (Vitali’s theorem asserts that: Let f,(z) be a sequence
of functions, each analytic in a region D; let |f,(z)| < M for every n and z in D; and let
fn(2) tend to a limit as n — o0, at a set of points having a limit-point inside D. Then f,(2)
tends uniformly to a limit in any region bounded by a countour interior to D, the limit being,
therefore, an analytic function of z.

Theorem 8.24 (Continuity of PGF) Let G(z) = > ;> ppz® together with the sequence
Gn(2) of generating functions be defined for |z| < 1. If

nlLIrolo Gn(z) = G(2) (8.132)
pointwise for z € Q C {z: |z| < 1}, then for every k we have
lim [2]G(2) = pi (8.133)

Proof. Following Flajolet and Sedgewick [149], we apply Cauchy’s theorem enforced by

Vitali’s theorem to obtain
1 G(z)
P = 5 ]{ s

= lim 1 %Gn(z)dz

n—0o0 27 Zh+1

= lim [2F]G.(2),

n—o0
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where the second, crucial line is justified by the Vitali theorem. |

Example 8.20 Poisson Theorem
Let X, have the Binomial(n,p) distribution, that is, Pr{X, = k} = (})p"q"~*, where
q = 1 —p. We shall assume that p depends on n such that A\ = lim,_ .., np is a constant.
Observe that
Gu(z) = (1 —p+p2)",

hence \ o
lim Gp(z) = lim (1 + b) — A1)

n—00 n—00 n

Since e**~1 is PGF for the Poisson distribution, by Continuity Theorem 8.24 we proved
Poisson’s theorem, which asserts that the binomial distribution converges to the Poisson when
np — . O

In passing, we should point out that one must be careful with limiting distributions of
discrete random variables since often such a distribution might not exist even if an asymptotic
formula for the “limiting” distribution can be derived. This problem is notorious for the
extreme distributions that we already touched on in Section 3.3.2. To see this, let us
consider a sequence of i.i.d. discrete random variables, say, X1,...,X,. Define

M, = max{X;,..., X, }.

The question we ask is whether one can find sequences a,, and b, such that

M, —ay
bn,

converges to a nondegenerate random variable. Anderson [12] proved that this is not the case
as long as the probability mass pr, = Pr{X; = k} is such that

Pr
27k P

does not converge to 0 or oo as k — oo. We illustrate this point with an example.

(8.134)

Example 8.21 Ezxtreme Distribution for i.i.d. Geometric Distributions

Let Pr{X; = k} = p¥(1 — p) for each 1 < i < n have Geometric(p) distribution. Then
(8.134) converges to 1 —p > 0; hence a limiting distribution cannot exist. But an asymptotic
formula for Pr{M,, <log,,,n + x} can be found for fixed = and large n as follows

Pr{M, <log,j,n +z} ~ exp (—p"~Ie8/nmte)),
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where (t) =t — [t|. Indeed, let Pr{X; > k} =1 — F(k) = p*. Then
PriM, <k} = (F(k)" =01 ~-(1-F(FK)"
— exp(nlog(1 — (1 - F(k))
~ exp(—n(l— F(k)) 1-Fk)=p"—-0 as k— ooc.

Thus for z real and k = [log;,n + ] we have

Pr{M,, < [logi,n+x|} = Pr{M, <log,,,n+z}

~  exp (_npUOgl/p n+xJ)

= exp (—prfompnra)

Observe the limiting distribution of M,, does not exist. O

8.6.2 Continuous Limit Laws by Integral Transforms

In this book, we treat mostly discrete structures, and hence deal mostly with discrete ran-
dom variables. However, when considering limit laws, a discrete random variable after a
normalization may converge to a continuous random variable. The most famous example is
the central limit law that asserts that the sequence (X, — E[X,])/+/Var[X,] convergences
in distribution to the standard normal distribution. We have already seen it in Section 8.4.3.

Convergence in distribution was already discussed in Section 2.2.2. To recall, we say
that X, converges in distribution to X, and we write XngX , if F(z) — F(z) for each
point of continuity of F(x), where F,,(z) and F(z) are distribution functions of X,, and X,
respectively. If X is a continuous random variable, then instead of PGF we should deal with
the moment generating function (MGF), also known as the Laplace transform but strictly
speaking it is the double-sided standard Laplace transform with s replaced by —s,

M(s) = E[eSX] = /_0:0 e*¥dF (x);

or the characteristic function (CF), which is really the Fourier transform,

o(t) = Ble™) = [ ap(a),

Clearly, the characteristic function is always defined for any distribution, while the moment
generating function might not exist for heavily tailed distributions. In fact, we proved in
Section 5.4 that the existence of MGF near the origin implies an exponential tail.

We finish these introductory comments with a few remarks. First, the standard normal
distribution has the following MGF and CF;

M(s)=e"12,  ¢(t)=e /2
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Second, we recall that the rth moment of X, if it exists, can be computed as follows

, d’l" . d’r‘
B = M) =i o)

Third, for 4 = E[X] and ¢? = Var[X] > 0, if we denote by

X —p
g

X" =

then the normalized random variable has

ox+(t) = e #7x(t/o),
Mx-(s) = e *"7Mx(s/o).

With this in mind, we can move to more interesting considerations. As in the case of
discrete random variables, we would like to infer convergence in distribution of X,, from
convergence of MGF or CF. Fortunately, this is possible and known as Lévy’s continuity
theorem. We state it below, and the reader is referred to Feller [123] or Durrett [117] for a
proof.

Theorem 8.25 (Lévy’s Continuity Theorem) Let X,, and X be random variables with
characteristic functions ¢n(t) and ¢(t), and moment generating functions M,(s), M(s) (if
they exist), respectively.

. " d .
CHARACTERISTIC FUNCTION. A necessary and sufficient condition for X,—X 1is

Jim_ ¢ (t) = ¢(t)
pointwise for all real t.
LAPLACE TRANSFORM. If M, (t) and M(t) ezist in a common interval [—tg,to], and the
following holds pointwise for all real t € [—tg,to]

lim M, (t) = M(t),

n—oo
then XngX.

In combinatorics and the analysis of algorithms, the following three corollaries are very
useful. They take advantage of the fact that often generating functions of discrete structures
are analytic for all complex z in a neighborhood of zero. We know that analytic functions
have all derivatives; hence the underlying random variables should possess all moments.
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Corollary 8.26 (Goncharov) Let X,, be a sequence of discrete random variables with gen-
erating function G, (z) = E[z*"], mean u, = E[X,] and variance Var[X,] = 02 > 0. If

lim e T4/ G (e7/0n) = e /2 (8.135)

n—oo

for all T = it, and —oo < t < oo, then XngN(O, 1), where N(0,1) stands for the random
variable having the standard normal distribution.

Proof. It follows directly from the Lévy continuity theorem. |

Corollary 8.27 If (8.135) holds for 7 € [—0,0], 0 > 0, then there exists o > 0 such that

Xn_ n —
Pr{iu > k} <ok (8.136)

On

uniformly for all n and k.

Proof. It follows from Markov’s inequality. Let X = (X,, — pin)/0n. Since E[e!Xn] < C for
t € [—0,0], where C is a constant, we obtain for any k& > 0

Pr{X} >k} <e *E[en] < Ce ™,
as needed. [ ]

Corollary 8.28 Let X,, and X be respectively a sequence of real random variables and a real
random variable such that M, (t) = E[e!X"] and M (t) = E[e!X] are their moment generating
functions defined in a real neighborhood of t = 0. Suppose that lim,,_,o, M, (t) = M(t) fort
belonging to such a real neighborhood of 0. Then X,, converges to X both in distribution and
in moments (i.e., E[X]] — E[X"] for any r > 0).

Proof: The convergence in distribution follows directly from Lévy’s theorem. We concen-
trate on proving the second part. Let us first extend the definition of M, (t) to a complex
neighborhood of ¢ = 0. Observe that in such a neighborhood

’etX"’ _ eé)‘t(t)Xn )

Therefore, M, (t) exists and is bounded in a complex neighborhood of 0. Clearly, M, (¢) and
M (t) are analytic functions. We know that | M, (¢)| is uniformly bounded in this neighborhood
by, say, a number A > 0. We redefine this neighborhood by removing all points with distance
smaller than € > 0 of the boundary of the former neighborhood, where ¢ is arbitrarily
small. Due to Cauchy’s estimate the derivatives |M] (¢)| are also uniformly bounded by
Ae~!, and therefore M, (t) are bounded and uniformly continuous. By Ascoli’s theorem,
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from every sequence of M, (t) we can extract a convergent subsequence. This limit function
can only be the unique analytic continuation of M (t); thus M,(t) converges to M(t) in
this complex neighborhood of 0. The convergence in moments follows since convergence of
analytic functions implies the convergence of their derivatives. |

We should add one more comment. When deriving generating functions of discrete struc-
tures, we can often obtain an error term. To translate such an analytic error term into a
distribution error term, we often use the Cauchy estimate. But in some situations the fol-
lowing estimate of Berry and Essén is very useful. The proof can be found in Durrett [117]
or Feller [123]. We write || f ||co:= sup, |f(z)].

Lemma 8.29 (Berry-Essén Inequality) Let F' and G be distribution functions with char-
acteristic functions ¢p(t) and ¢g(t). Assume that G has a bounded derivative. Then
1T t) — pa(t 24| &

dt + — 8.137
-T t ‘ + 7T T ( )

for any T > 0.

These analytic tools allow us to derive many convergence results in probability theory,
analytic combinatorics, and analysis of algorithms. For example, consider the central limit
theorem. It concerns the sum S, = X1 +---+ X, of i.i.d. random variables with mean p and
variance 2. Consider the normalized random variable

1 -
Sr=—=> X,
where X; = X;u. The CF of S} is

Ps; (L) = 9% <Ut%> :

But Taylor’s expansion of ¢ x(7) around 7 = 0 gives

. " B 12 9 " —2/2
& (m> - (1—%+o(t /2n)> —e "

which proves the central limit theorem.
In the analysis of algorithms, we often deal with weakly dependent random variables
Xi1,...,X,, Y such that
Zn=Y+ X1+ -+ X,

satisfies the following asymptotic formula for the generating function of Z,

Gz,(2) = Gy ()[Gx ()™ (140, ))
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where (,,k, — o0 as n — oo and Gx(z) is the probability generating function of Xj.
Can we infer the central limit law from this asymptotic expression? The answer is yes as
demonstrated by Bender [36], Bender and Richmond [40], Hwang [201], and Flajolet and
Soria [151].

Theorem 8.30 (Hwang, 1994) Assume that the moment generating functions My(s) =
E[e**"] of a sequence of random variables X,, are analytic in the disc |s| < p for some p > 0,
and satisfy there the expansion
1
M, (s) = eUEFV() (1 +0 (—)) (8.138)
Kn
for Bn,kn — 00 as n — oo, and U(s),V(s) are analytic in |s| < p. Assume also that
U"(0) #0. Then
(8.139)

E[X,] = B.U'(0) +V'(0) + O(r;, 1),
b, (8.140)

Var[X,] = B,U"(0)+V"(0) + O(x,
and for any fixed x

X BUO) 1
Pr{—ﬁnU,l(O) < }_@( )+O<nn+¢ﬁ7>’ (8.141)

where ®(x) is the distribution function of the standard normal distribution.

Proof. We shall follow Hwang [201]. The convergence in distribution and in moments follow
from Theorem 8.25 and Corollary 8.28, so we need only derive the rate of convergence. We
shall use the Berry-Essén estimate with T,, = v/3,, to prove that

1 Tn | Mp(it) — e /2 24 ¢
F,—® < — n

“ac 1, p-1/2
dt+ 7 =0 (rat+8712), (8.142)
where ¢ is a constant, and M (s) stands for the MGF of X' = (X,, — 8,U’(0))/v/5,U"(0).
Indeed, setting o, = \/5,U"(0), and using (8.138), we obtain
 U'(0 it it
MAit) = exp (—uit LU (L) ButV (L>) (1+06:7Y)

On n On

= exp <—§ +0 <M>> (1 + O(Hﬁl)) |t < VB

On

In the above, we used the following Taylor expansions valid for |¢t| < /3,

it _ i / _i " @
U(—) ~ ) U(0)+O< )

On, On 20, On

V(&) - oG
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Since |e® — 1| < |w|el®!, we find

3 3
|M;(it)—e_t2/2| _ O<<M+i)exp<_f+0<u+i>>>
On KRn 2 On Kn
4P 1
offz o) e

After simple algebra, this leads to (8.142) and the proof is complete. [

Example 8.22 Pattern Occurrences Revisited

We shall continue the discussion of the problem from Section 7.6.2, where we analyzed the
number of occurrences O,, of a given pattern H in a random text. In particular, we extend
Theorem 7.14 and prove the following: Let r = E[O,,] + z+/Var|O,,] for v = O(1), then

1 1,2 1
p H) = — —377 (1 S .14

0ut) =1t = e (140 (75 )). (8.143)
where ¢y is defined in (7.96) of Theorem 7.14. Let p, = E[O,(H)] = (n —m+ 1)P(H) and
02 = Var[O,,(H)] ~ cin. By Cauchy’s theorem

1 [ T(z uP(H)
Talw) = %7{ z"+1 ~ 2 ]{ D% (2)(1 - uMH( ))z”“_mdz’

where the integration is along a circle around the origin. To evaluate this integral we enlarge
the circle of integration to a bigger one, say R > 1, such that the bigger circle contains
the dominating pole of the integrand function. By Cauchy’s estimate we conclude that the
integral over the bigger circle is O(R™™). We now need to evaluate the residues inside the
circle. Let us now substitute v = e' and z = e” (so that T),(e') becomes the moment
generating function of O,). Then the poles of the integrand are the roots of the equation

1 —e'Mg(ef) = 0.

This equation implicitly defines, in some neighborhood of ¢t = 0, a unique differentiable
function p(t), satisfying p(0) = 0. Notably, all other roots p satisfy inf|p| = p’ > 0. Then
the residue theorem with e?’ > R > e? > 1 leads to

To(eh) = C(t)e~H1=mrl) L O(R™), (8.144)
where o~ PU)
D3 (p(t)) M (p(t))

But (8.144) satisfies the assumption of Theorem 8.30, which implies the desired result.
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Finally, we observe that (8.144) can be used to obtain the large deviations result. Indeed,

we conclude that

t
n—oo n

Thus directly from the Gértner-Ellis Theorem 5.21 we obtain for a > P(H)

lim log Pr{O,, > na} _

n—00 n

—I(a),

where
I(a) = awq + p(wa)

with w, being a solution of
—p'(wa) = a.

In passing we observe that this can be also derived directly by the shift of mean method. In
Exercise 23 we propose a stronger version of the large deviations result. O

8.7 Applications

It is again time to apply what we have learned so far. Since this chapter is very long, we will
be rather sketchy. We start with a combinatorial problem on words, where we find a set of
words that approximately self-overlap. This problem combines methodologies of the previous
two chapters. Then we plunge into singularity analysis to provide an asymptotic expansion
for the minimax redundancy for memoryless sources. Finally, in our most sophisticated
application we derive the limiting distribution of the depth in a digital search tree.

8.7.1 Variations on Approximate Self-Overlapping Words

We are interested here in the structure of a word wy := w¥ € A¥ of length k such that when
shifted by, say s, the shifted word is within a given Hamming distance from the original
(unshifted word). More precisely, let the set of all words of length k be denoted as W, := A*.
A prefix of length ¢ < k of wy, is written as wy(q) or simply wy, if there is no confusion. The
distance between words is understood as the relative Hamming distance, that is, d,, (z}, Z}) =
n=13"  di(z;, %), where di(x,Z) = 0 for x = ¥ and 1 otherwise (z,7 € A). We also write
M(27,2%) = ndy (2}, z}) for the number of mismatches between z} and z}. We now fix
D > 0. Consider a word wyys = wlf+s of length k 4 s, and shift it by s < k. The shifted
word of length k is w¥T5. We are interested in the set Wi, s(D) of all words wy, such that

s

d(wf, wh*) < D . (8.145)
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This problem is well understood for the “faithful” (lossless) overlapping case, that is, when
D = 0. Then for m = |k/s| (cf. Lemma 4.10 and [289, 411, 412])

Wis(0) = {ws € Wyt wpqs = wngrl)@S
= U {wi"Mw,},
ws EWS5

where W is a prefix of length ¢ = kK —m - s, and wgm) is a concatenation of m words ws.

We now construct all words wy, that belong to W, (D). First, let us define an integer
¢ such that ¢/k < D < (¢ +1)/k. Also, we write k = s-m + ¢, where 0 < g < s. Take now
0 <1 < /¢, and partition the integer [ into m + 1 integer terms as follows:

l=a14+as+ -+ am~+ ams1 0<ag;<s for 1<i<m (8.146)

and 0 < Gpm41 < g. Let the set of all such partitions be denoted as Py s(I). We now define
recursively m sets Ws(a;) for i < m. We set Ws(ag) := W, where ap = 0, and then

Ws(ag) = {vs € Ws 1 M(ws,vs) = ap for ws € Ws(ag—1)},

together with

Wy(my1) = {vg € Wy 1 M(Ws(q),vq) = Gms1 for ws € Ws(am)} -
Thus l
Wk:,s(D) = U{Wk,s(l)}
1=0

such that

Wis= U U U - U U wlw! - wmwT T (8.147)

wIeEW; P 1 (1) wleWs(a1)l W EWs(am) ™ eWs (A1)

where wlw! - - - w™wW™*! is the concatenation of words w? and ... @™

¢ we obtain Wy, (D).

In some applications the cardinality of Wi, s(D) and P () are of interest. Let G(2) be
the generating function of the cardinality |Psx(l)| of Psy(l). By (8.146), we immediately
obtain

+1. Summing over all

G(z) = (I+z+2’+ - +2°)"(1+z+2°+ - 429 (8.148)

_ strl m(1 _ qurl
_a . —):1:)(7}”1 ), (8.149)
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where m = |k/s| and ¢ = k — ms. Let now ¢; = |Psx(l)| = [2/|G(2). As in Comtet [71] we
introduce the polynomial coefficients (";?) defined as

Q+zt - rat =Y (”};q> ok (8.150)
k=0

for integer q. Note that (”];2) = (}). Observe that
(m, s+ 1)
o\ [—J

0 (s+1)i+t=l—j

er = |Ps ()] =

M-

J

Il
MQ
(]
D

=
< 3
N———

3
S+
\_}

J
where m = |k/s] and ¢ = k — ms.
The enumeration of W ¢ is even easier since

k
Wl =2 % ()()( “ >_2s<l>.
ar+az+-+amtamy1=l ai am ) \m+1

The above directly follows from (1+z)%(1+2) - (14 2)*(14+2)7 = (1+2)™ T = (14 2)*.

The next interesting question is how to get asymptotics for e; and (”,;q). We prove the
following result. Let g(z) = (% +i4+-+ qu_l
that

n.n _[q
[2F]g"g" (2) = ( . )

) be the probability generating function so

From the Cauchy formula we have

n n n
) _ a9,
k 2mi J kL
where the path of integration encloses the origin. Judging from the binomial coefficients (i.e.,
g = 2) we should expect different asymptotics for various values of k£ (e.g., bounded k, k

around the mean nu = n(q — 1)/2, and k = an, where a # (¢ — 1)/2). This is summarized
in Lemma 8.31 below.

Lemma 8.31 For any q and large n the following holds.
(i) If k =n(q—1)/2+r, where r = o(\/n), then

n,q q" r?
N T 8.151
( k ) o\ 2mn P < 2n02> ’ ( )
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where 0% = (¢*> — 1)/12. In particular (cf. Comtet [71])

n,q\ n,q o 6
Sbi"(k)‘(n(q—l)ﬂ) T @D (8.152)

(ii) If k = an, where a # (¢ — 1) /2, then

n,q\ gB)" 1
( . ) T v (8.153)

where 3 is a solution of Bg'(B8) = ag(B) and o2 = 329" (3)/9(B) + a — 2.

(iii) If k = O(1), then
k
<nkq> ~ % (8.154)

Proof. Part (i) directly follows from the saddle point method in exactly the same manner
as we did in Section 8.4.3 so we omit details. Setting » = 0 in (8.151) we obtain (8.152).
Comtet [71] suggested another derivation of it: Note that after the substitution z = ¢®, the
Cauchy formula yields

(n];Q> 1 /w/2 (sin(qﬂﬁ))ncos(x(n(q — 1) — 2k))dz .

7 J_x/2 \ sin(x)

Observe that for k = n(qg—1)/2 the cosine function achieves its maximum; hence by a simple
application of Laplace’s method we again obtain (8.152).

Part (ii) follows from (i) and the method of shifted mean as discussed in Section 8.4.3.
More precisely, we use

an n 98" (9(B2)\"
g2 = gon <g(ﬂ)>

and find 3 to be 89, (3) = agi(9).
Part (iii) can be proved as follows. From the Cauchy integral we have, after substituting

z=w/n,

n,q 1 [GE)"
= — d

( k ) 2mi J
1 (1+w/n+--+ (w/n)—1)" kg nk e P
N %]{ whtl I T I~ I

This completes the proof. |
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8.7.2 Redundancy Rate for Memoryless Sources

We briefly discussed redundancy of source coding in Section 6.4, Example 7.16 of Chapter 7,
and Example 7 of this chapter. Here, we show how the analytic tools presented in this chapter
can be used to evaluate the minimax redundancy for memoryless sources.

We start with a brief introduction, but the reader may also want to review Chapter 6. A
code 7, : A" — {0,1}* is defined as a mapping from the set A" of all sequences of length
n over the finite alphabet A to the set {0,1}* of all binary sequences. Given a probabilistic
source model, we let P(z]) be the probability of the message =] while for a given code %,
we denote by L( 7, z) the code length for z7.

Shannon’s Theorem 6.18 asserts that the entropy Hy(P) = — > n P(27)logy P(aT) is the
lower bound on the expected code length. Hence, —log, P(z}) can be viewed as the “ideal”
code length. The next natural question is to ask by how much the length L( 7, z}) of a
code differs from the ideal code length, either for individual sequences or on average. The
pointwise redundancy R,( %, P; %) and the average redundancy R,( Zp, P) are defined as

Rn( @, Pial) = L(%y,al)+logy P(a7)
Bo(Zn, P) = Ep[Ru( %, P; X})] = E[L( 7)), X}] — H,(P).

Another natural measure of code performance is the mazimal redundancy defined as

Ry( %, P) = max{R,( @y, P;27)}.
1

Observe that while the pointwise redundancy can be negative, maximal and average redun-
dancies cannot, by Shannon’s Theorem 6.18 and Kraft’s inequality (see Theorem 6.17).

In practice, the source probabilities are unknown; hence there is the desire to design codes
for a whole class of source models §. When the source is known, the redundancy can be as
low as 1 bit, as demonstrated by Shannon codes (see Example 7). Therefore, for unknown
probabilities, the redundancy rate also can be viewed as the penalty paid for estimating
the underlying probability measure. More precisely, universal codes are those for which the
redundancy is o(n) for all P € §. The (asymptotic) redundancy-rate problem consists in
determining for a class S of source models the rate of growth of the minimax quantities

B (8) = minpax{ Ry ( #n, P)}
as n — oo. This minimax redundancy can be viewed as the additional “price” on top of
entropy incurred (at least) by any code in order to be able to cope with all sources.

In passing we would like to add that the redundancy rate problem is typical of a situation,
where second-order asymptotics play a crucial role since the leading term of E[L( #7,), X7] is
known to be nh, where h is the entropy rate. This problem is an ideal candidate for analytic
information theory, which applies analytic tools to information theory.
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Hereafter, we aim at establishing a precise asymptotic expansion of R*(M) for memoryless
sources M. First we review Shtarkov’s result [390] concerning the minimax redundancy

R (S8) = min sup max{L( %, 27) + logy P(z7)}
“n PES 2T

for general class of sources S, where the supremum is taken over all distributions P. Shtarkov
proposed the following bound

logs (Z sup P(x?)) < RE(S) < log, (Z sup P(x?)) + 1. (8.155)
1 1
To prove it, Shtarkov first introduced a new probability distribution, namely,

supp P(x7)

21 SUpp P(z)

q(z7) == >

By Kraft’s inequality (see Theorem 6.17) there exists ] such that
—L( %y, 27) <logy q(27).

The above must be true since otherwise the Kraft inequality would be violated. The lower
bound follows. For the upper bound, Shtarkov proposed the Shannon code %, for the
distribution ¢(z7) defined above whose length is

L(Zp,2}) = {logg (;SgpP(x?O — log, (Sl}l)pP(x?)ﬂ :

This gives the desired upper bound.
Now, we concentrate on studying

R, :=log, (Z s%p P(fc?))

n
Ty

for a class of memoryless sources over an m-ary alphabet A(m). Observe that R,, is within
distance one from the minimax redundancy R} . Following Shtarkov we shall prove that

R, = log Dn(m)a

where D,,(m) satisfies

Dy (m) = i <m> D2 (i) (8.156)
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with D§(1) =0, D} (1) =1 for n > 1, and for i > 1 we have

D) = (Z) (%)k (1 _ %)nk f(i=1) . (8.157)

Indeed, we first observe that we can partition all sequences into m sets such that the ith
set is built from sequences composed of symbols from the alphabet A(i) consisting of any 4
symbols from A(m). This implies (8.156) since

Dy(m) = i(m) > supP(x”)—i@D:;(i),

0] i=1 \*

where D (i) is defined above. To derive the recurrence of D} (i) we argue as follows: Consider
an alphabet A(i — 1) and assume that these i — 1 symbols of A(i — 1) occur on n — k positions
of x7, which contributes D _, (i — 1) to the sum. On the remaining k positions we place
the ith symbol with the maximum probability sup P(z}). This probability for memoryless

sources is 3 .
k kN
sup P(z7) = (—) (1 — —) )
n n

since, in the situation described above, one can view x7 as being built over a binary alphabet
(i.e., {A(i —1),4}) and clearly sup, ¥(1 — 2)"* = (k/n)*(1 — k/n)"*. This establishes the
desired recurrence (8.157).

We now prove an asymptotic expansion of D} (m) and D,,(m).

Theorem 8.32 (Szpankowski, 1998) For fized m > 1 the quantity D} (m) attains the
following asymptotics

Dim) = (S)Q—W%@) O (8,159
+ 0O(n272),

Furthermore, for m > 2

R, = logD,(m)= m—1 log <2> + log < \/z ) (8.159)
2

2 2 T(m)
L(gm V2
MESEEEG
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)

m

3+ m(m—2)(2m+1) I
36 ~ory(
1
+ 0 (=)

Proof. Observe that the recurrence (8.157) is the same as the one analyzed in Example 7.16
of Chapter 7. In particular, we prove there that the tree-like generating function

wli‘ NIE
S

%))'

for large n.

satisfies (cf. (7.38))

Din(2) = (B(z) = 1)™
where B(z) is related to the tree-function 7'(z) and defined in (7.35). Observe that B(z) =
1/(1 = T(z)) and [2"]B(z) = n™/n!. Furthermore, by (7.39)

Dy, (z) = B™(z) — 1.

We now use the singularity analysis to obtain asymptotics of D} (m) and logy Dy (m). In
Example 10 we derive asymptotic expansion of T'(z) — 1 around z = e~! from which we
directly obtain

B(2) = \/%ez 3 24\/ + 1351 2137‘2/82( —e2)*24+0((1—e2)?) . (8.160)

Then applications of Theorem 8.12 and Theorem 8.13 yield

nin m N n%=2 2m
TR 0" = G =T ()
nz=2 (m(m —2)(8m — 5) m_s
" 2?< 36T (2) >+O(” )

EBM(2) = —ee—— +
2
%

and
log(1 + av/z + bz + cx’/?) = a/x + (b — %aQ):): + 0(2%/?)

as ¢ — 0. This completes the proof. |
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8.7.3 Limiting Distribution of the Depth in Digital Search Trees

We shall derive here the limiting distribution of the typical depth D,, in a digital search
tree (see Section 1.1). We assume that m independent strings are generated by a binary
memoryless source with p being the probability of emitting “0” and ¢ = 1 — p. Recall that
the typical depth is defined as follows. Let D,,(i) be the depth of the ith node in a digital
tree. Actually, observe that D,, (i) = D;(i) for m > i. Clearly, for various i < m distributions
of Dy,(1) are different, and therefore it makes sense to define the typical depth D,, as

Pr{D,, <z} = Z Pr{D,,(i) < z} .

Let B denote the number of internal nodes at level k in a digital tree. To derive a
recurrence on D,, we introduce the average profile B, := E[BF] to be the average number
of internal nodes at level k in a digital tree. The following obvious relationship between the
depth D,, and the average profile BY, holds:

Bk
Pr{D, = k} = —. (8.161)

This follows from the definition of D,, and the definition of BY,.
We shall work initially with the average profile, and we define the generating function
B (u) = 302, BF u¥, which satisfies the following recurrence

By (o —1+u2<)p7qw 1)+ B () (3.162)

with Bg(u) = 0. This recurrence arises naturally in our setting by considering the left and
the right subtrees of the root, and noting that j strings will go to the left subtree with the
probability (T)pﬂ q¢™ 7. A general recurrence of this type was discussed in Section 7.6.1 from
which we conclude that

Buw) = m— (1=u) Y (<1 (j’j) Qi—a(u). (5.163)

k=2
where
k+1 . .
Qr(uw) = [J(1 —up’ —ug’) , Qo(u)=1. (8.164)
=2

Actually, the derivation of (8.163) is not too complicated, so we provide a sketch of the
proof. Let us start with multiplying both sides of (8.163) by 2™ /m! to get BlL(z,u) = e* +
uB(pz,u)e?” +uB(qz,u)eP?, where B(z,u) = > o°_y B (u )m, , and B.(z,u) is the derivative
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of B(z,u) with respect to z. We now multiply this functional equation by e™* and introduce
B(z,u) = B(z,u)e . This leads to a new functional equation, namely B'(z,u) + B(z,u) =
14 w(B(zp,u) + B(zq,u)). Comparing now the coefficients at z™ one immediately obtains
§m+1(u) = Om,0 — ém(u)(l — up™ — uq™), where &y, is the Kronecker symbol. To prove
(8.163) it only suffices to note that B, (u) = >3, () By (u).

Using again the idea from Section 7.6.1, Example 19 and the Rice method we shall sketch

a proof of the following result. In Exercise 24 the reader is asked to provide details.

Theorem 8.33 (Kirschenhofer and Prodinger, 1988; Szpankowski, 1991) The aver-
age E[D,,| of the depth attains the following asymptotics as m — oo

1 h 1
E[Dm]—ﬁ(logm+v—1+£+6+5(m)>+O(Ofnm>, (8.165)

where h is the entropy, hy = plog?p + qlog?q, v = 0.577... is the Euler constant, and

oo i P+l logp + ¢+l log g
ST phtl— gkl

The function 6(x) is a fluctuating function with a small amplitude when log p/log q is rational,
and 0(x) = 0 for logp/logq irrational. More precisely, for logp/logq = r/t, where r,t are
integers,

. I(sf)Q(—2 2mil
51 (x) = Z % exp (— 12;; 10g:r> , (8.166)
020

where s§ = —1+ 2milr/ log p.
(ii) The variance of Dy, for large m satisfies

hy — h?
h3

Var[D,,] = logm + A+ A(m) 4+ O(log® m/m), (8.167)
where A is a constant (see Exercise 24) and A(z) is a fluctuating function with a small
amplitude. In the symmetric case, the coefficient at logm becomes zero, and then

1 1 2
Var(D,,]| = — + —5— - — — a — B+ A(logy m) — [62)o + O(log>m/m), (8.168)
12 log?2 6
where
1

x x 1
=2y o Pl
J=1 J=1

the function A(x) is continuous with period 1 and mean zero, and |63]o| < 10710 is the mean

of 02(x).
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Sketch of Proof. It suffices to derive asymptotics of the average path length l,,, := mE[D,,]
and the second factorial moment of the path length 13, := mE[Dy, (D, —1)]. But l,,, = B}, (1)
and 12, = B (1). After some algebra, we arrive at the following two recurrences for all m > 0

lmy1 = ’m-i-Z( ) R (e ), (8.169)
oy = 2w —m) + <k>p’“qm FE 2 (8.170)

with lp = l% = 0. The recurrence (8.169) falls directly under the general recurrence (7.57) of

Section 7.6.1. Its solution is
Iy = —1)k m _9, 8.171
> ( )<k>Qk2 ( )

k=2

where Q = Qr(1) = Hk'H( —p’ — ¢7). This is an alternating sum with the kernel Qj of a
polynomial growth, so Rlce S method applies. We only need analytic continuation of Qi but
this is easy. Indeed, define

_ P(0)
Q(2) P’
where P(z) = [[525(1 — p**7 — ¢**7). Then Qi = Q(2)|.—x and by Rice’s method or Theo-

rem 8.21
1 73+zoo
Ly = / L(z)n *Q(—z — 2)dz + O(logm).

2mi ~2—ico

The integral can be evaluated in the same manner as in Example 19, so we only sketch
it. Considering singularities right to the line of the integration, we must take into account
singularities of the gamma function at zyp = 0 and z_; = —1 together with all roots of

pj—2—z + qj—Q—z -1

that we denote as z; ;. The main contribution comes from z_; = zy2 = —1. Using the
expansions
I'(z) = L + 1+0(z+1)
z) = o ~y z )
n* = n—nlogn(z+1)+0((z +1)?),
1 1 1 ho
- = _Z 0] 1
1-p2—q= i tame TOETD:
1 1 0 h Ohs
Q-2-2) = —T——=+7+55+E+)2+0((z+1)),

hz+1 ' h ' 22 2h?
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and extracting the coefficient at (z + 1)~! we establish the leading term of the asymptotics
without d1(m). To obtain d;(m) we must consider the roots at zj ; other than z_; = —1.
Using Lemma 8.22 we finally prove (8.165).

The asymptotics of l% can be obtained in a similar manner but with more involved algebra.
To use (7.70) of Section 7.6.1 we need to find the binomial inverse to /,,. But solution (8.171)
implies that l,,, = Qn—2. With this in mind we directly obtain

o (e

where
T, = Z p "‘Q
—p' - q
To apply Rice’s method we need analytlc continuation of T},. A “mechanical derivation”
works fine here after observing that

n+2 n+2
+
Tn+1 =T, + P 1

1— pn+2 _ qn+2 !
Replacing n by z and solving the recurrence with respect to z we find

S z+1 z+1
p +q
9 Z z+z _ qurz

where 0 is defined in the statement of the theorem. The above derivation can be easily made
rigorous by observing that all series involved do converge for %(z) > —2. |

We are now ready to derive the limiting distribution of D,, for p # ¢q. We prove the
following result.

Theorem 8.34 (Louchard and Szpankowski, 1995) For biased memoryless source (p #
q) the limiting distribution of D, is normal, that is,

D,, — E[D,,]

Ve N(0,1), (8.172)

where E[D,,| and Var[D,,| are given by (8.165) and (8.167), respectively, and the moments
of D,, converge to the appropriate moments of the normal distribution. More generally, for
any complex

719cllong 9D [/ c2logmy _ ﬁ(l o) 1 ) 8.173
e (eron V) = o (140l ). (8.173)

where ¢; = 1/h and ca = (ha — h?)/h3.
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Proof. We shall work with the probability generating function D,,(u) for the depth which
is equal to B,,(u)/m, that is,

Do) =1 — 220 (1t (7;) Qr_a(u) . (8.174)

mo5

Let u, = E[D,,] and o2, = Var[D,,]. Theorem 8.33 implies y,, ~ cilogm and o2, ~
calogm, where ¢; = 1/h and ¢y = (ha — h?)/h3. We use Goncharov’s Theorem 8.26 to
establish the normal distribution of D,,, by showing that

lim e PHm/omp, (e?/7m) = ¢¥°/2, (8.175)

m—0o0

where ¥ is a complex number. By Corollary 8.28, this will establish both the limiting distri-
bution and the convergence in moments for D,,.

We now derive asymptotics for the probability generating function D,,(u) around u = 1.
We assume u = e”, and due to o, = O(y/logm), we define v = J/5,, — 0. Note that
1 — Dy, (u) given in (8.174) has the form of an alternating sum. We now apply the Rice
method, more precisely, Theorem 8.21. To do so, however, we need an analytical continuation
of Qp(u) defined in (8.164). Denote it as Q(u, s), and observe that

P(u,0)  Qoo(u)

= = 8.176
Q(u7 S) P(u, 8) P(u’ 8) Y ( )
where P(u, s) = [[325(1 — up®*7 — ug**7). Using Theorem 8.21 we arrive at
1 —q [—3/2+ic0 . .

1-D = r - —5—2 8.177

n) = s [ T Qs —2)ds + e, (8.177)
where e,, = O(1/m?) f:;/;j;;o I(s)m™*sQ(u, —s — 2)ds = O(1/m), as we shall soon see. As
usual, we evaluate the integral in (8.177) by the residue theorem. We compute residues right
to the line of integration in (8.177). The gamma function has its singularities at s_; = —1 and

sp = 0, and in addition we have infinite number of zeros sy, j(v) (j = 2,3,..., k =0£1,%£2,...)
of P(e”,—s — 2) of the denominator of Q(e”, —s — 2), where we substituted v = e¢”. More
precisely, si j(v) are zeros of

p—8—2+j +q_5_2+j =e V. (8178)

The dominating contribution to the asymptotics comes from sgj(v) and s;. Indeed, the
contributions of the first two singularities at s_; and sg are, respectively, (1 —u)Q(u, —1) =1
and (1 — u)Q(u,—2)/m = O(1/m). We now concentrate on the contribution coming from
50,j(v). In this case, one can solve equation (8.178) to derive

v 1 (1 h2

y m) v? + O(v?) (8.179)
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for integer j > 2 and v — 0. We also note that (s j(v)) # 0 for k # 0.
Let now Rj(v) denote the residue of (1 — eVp~5ki=2H 4 ¢Vq=ski=2T7) "1 at s; 5(v), and
let g(s) =T'(s)Q(u,—s — 1). In the sequel, we use the following expansion

B 1 Qoo(u)
Qu,—s=2) = 1—u(p=>+q*) Plu,—s—1)
w! 0 ho Ohs

= T TR T T TOWY),

where w = s — 50,j(v). Then
—Dp(e”) = Rg( )9(s0.2(v))(1 — e)ym~tm~502()

+ ZRO (50, (0))(1 = "m0 )

+ Z Z RL(v)g(sk;(0))(1 — e )ym™Im™%s™) 1 O(1) . (8.180)
oo T
We consider the above three terms separately:

(a) j=2and k=0
Set v =19/0y, = J/+/calogm. Then by (8.179)

| 2
m*SO,Q('U) = mexp <% logm + %) .
C2

In addition, the following holds: RZ(v) = —1/h+ O(v), and g(sp2(v)) = —h/v+ O(1),
and finally 1 —e™¥ = v + O(1). Therefore, we obtain

eV /7 R (0)g (50,5 (v))(1 — ™" )m o021 )2 (8.181)
(b) j>3and k=0
In this case we can repeat the analysis from case (a) to get
e/ B (0)g (502 (1)) (1 — e )m =020 O(m2 I/ | (8.182)

so this term is of order magnitude smaller than the first term in (8.180).

(¢) k#0
Fix 5 = 2. Observe that

Z Rk Sk 2 ))(1 — ev)m_lm—sk,z(v) — O(Um_l—m(Sk,z(v))) )

k=—o00

k0
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By the same argument as in Lemma 8.22 we conclude that R(sy ;) > j — 3 + O(v).
If R(sx;) > j — 3+ O(v), then the term O(vm™!~R(2(")) ig negligible compared to
O(m?*77). Otherwise, that is, for sj ; such that R(sx ;) = j — 3 + O(v) we observe that
the error term is O(vm/~2). Actually, we can do better using the Jacquet and Régnier
[212] observation (the reader is asked to prove it in Exercise 25; for a generalization
see Jacquet and Szpankowski [215]):

R(sk2(v)) = s0.2(R(v))

so the above sum becomes

o0

> RE0)g(sna(v)) (1 — )m k20 = 1R 0) o R0 020y

— 1 Rs02(v) O(vm_ﬁvg)

for some 3. Finally, consider general j > 3. As in case (b), we note that m (")
contributes O(m?=7), so this term is negligible.

Putting everything together, we note that as v = O(1/y/m) — 0 for m — oo
e~ Orm/om D (eomY) = 6192/2(1 + O(vm_ﬁvg) +0(1/m)) — /2, (8.183)

which proves the theorem. ]

8.8 Extensions and Exercises

8.1 Prove that if f ~ > arpdr and g ~ Y by, then af + Bg ~ > (aar + Bbr)dy.

8.2 Consider asymptotic expansions with respect to {z*} in R* and 29 = 0. Prove the following
theorems.

Theorem 8.35 Let f(z) ~ Y pe,axz”® as x — 0.

(1) If g(2) ~ Sope o bea® as @ — 0, then f(x)g(z) ~ > o0, caa™, where cp = > 1o Akbp—k.

(ii) We have

¢ o~k k+1
t)dt ~ .
/Of() >

(iii) If f(x) has a continuous derivative and if f'(x) possesses an asymptotic expansion, then

f(z) ~ Z kapa®1
k=1
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as x — 0.

(iv) For any power series Y oo arpx® there exists a function f(z) with this as its asymptotic
expansion.

8.3 Using similar arguments to those presented in Section 8.1.2 show that
e (_1 )k—l
log(l+z) = ZTxk, z — 0,
k=1

— (=D,
= logx—f—ZTx , T — 00.
k=1

8.4 Prove Abel’s summation formulas (8.27) and (8.28).

8.5 Consider again recurrence (8.39) for the height in a b-trie. In this exercise we will analyze it for

b1
o= 2t

logyn + 8
on the (-scale, where 8 = O(1). We set
hy = F(8;n) = F(k — (14 1/b) logy n; n)

so that (8.39) becomes
F(B+1;n) = (%) 2 (TZ) - F (6 - (1 + %) log, (%) ;i)
F(B— (1+%>log2 (1—%); n—i).

Postulating that F'(3;n) assumes an expansion of the form

F(8:n) = Fo(5) + = Fy(8) + O(n™?),
prove that Fy satisfies the following nonlinear functional equation
Fy(B+1) = [Fo(B+1+1/b)]%
Next prove that a general solution of the above is
Fy(8) = exp(—c27"") = exp(—ce"7182).

Finally, using matched asymptotics show that
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8.6 Knessl and Szpankowski analyzed in [259] the height of PATRICIA trie. Among others, the
following recurrence arises

(2—=2"La(n) +2nLa(n—1)=0, n >3,

with L2(2) = 1. Show that it has the following solution

n
1
La(n) = n!2_"2/22n/2 H (W) ) n > 2.
m=3

Similarly, show that the recurrence
(2—2”)L3(n)+2nL3(n—1)+2<Z)L2(n—2)=0, n>>5

with L3(3) =1 and L3(4) = 6, leads to

In general, the following recurrence for n > 2j — 3

j—2
(2-2")Lj1(n) +2) (?) Lii(n—i)=0, n>2j-3
i=1
has the following asymptotic solution

Li(n) ~ pOan!Z7”2/22(7'73/2)”7 j fixed,

oo

po = H(l _2_€)_1a

(=2

where K is a constant.

8.7 A Using the saddle point method and (8.43) derived in Example 5 prove the following theorem.

Theorem 8.36 (Knessl and Szpankowski, 2000) The distribution of the height of b-tries
has the following asymptotic expansions for fixed b:

(i) RiGHT-TAIL REGION: k — o0, n = O(1):

|
Pr{HT <k} =hE ~1— i 9—kb.
H, <k} =y b+ Dliln—b— 1)

(ii) CENTRAL REGIME: k,n — 0o with £ =n27% 0< ¢ <b:

hE ~ A(&b)em? &),



354 Complex Asymptotic Methods

where

#(&;0) = —1—10gwo+l<blog(uJo§)—logb!—log <1—i>),
3 wo
1
VIt (wo—1)(E-0)

In the above, wy = wy(&;b) is the solution to

1L (wof)®

o b (1+wof + S5 -+ 4

A(&;0) =

(iii) LEFT-TAIL RECGION: k,n — oo with j = b2F —n
n . _
hE ~ \/anﬁb exp (—(n+7) (1 +b 'loghl)),

where j = O(1).

8.8 Using the following Fourier series

prove that

> (1ot Qg o) = 5 5 (500 + 007

where p < 1.

8.9 Using the Fourier series of 2~*) prove the following

M—1 1
o—={U/M+y) — __ ~  o—(yM)/M
2M (1 —2-1/M)

1
M
1=
for any real y.

8.10 Show that for any irrational o

n

n 1
li k 1 — n7k27(ak+ﬁn) _
ninéokz_o<k>p (1=) 2log 2

for any real 3.
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8.11 Analyze asymptotically the following sum

Sanp)i= 3 (Z)pku ) (—log Pullk,n— k).

0<k<n

where ( I 1y
I'a+35)I'(0+ 3
P _ 2 2
e(a,b) 7T(a, b)
8.12 Prove the following expansions
1 3 45 1
1— 3/2 _ - et Y il
(1-=2) o (4+32n+0(n2))’
_ 1 1 v+ 2log2 — 2 logn
i — 1 — P —
V1—2zlog(l—z) W<2logn+ 5 +O( - ,
1 1
log?(1—2)"t = = <210gn+2'y++0 (—)) ,
n n

(1-2)7Y2 = \/% (+% +0 (%)) ,

n 3 1
(1-2)7%% = —(24—=—+40(=)],
N3 dn n?
S log(1— 2t = L (2lognt 2y +4log2 — 240 287,
(1-2) log(1 — 2) \/7_T< ogn + 2y +4log +0 -

8.13 Analyze asymptotically

ez

V1=22

Notice that there are two algebraic singularities at z = 1 and z = —1. Prove that

1 n,—1
\/ﬁ(e—i—(—l) e ).

A(z) =

[2"]A(z) ~
Find a full asymptotic expansion.

8.14 A Let for some k >0

(i) Prove that for fixed k

for large n (Szpankowski 1995).

(ii) Find a uniform (with respect to k) asymptotic expansion of S, (cf. Hwang [208]).
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8.15 A Consider the following extension of the Lapalce method: Let, as in Theorem 8.17,

I(z) = / " F)e O,

and we analyze this integral for z — oo. We adopt the same assumptions as in Theorem 8.17,
except that the point ¢o, where h(t) is minimized, is of order m; that is,

h/(to) = h”(to) == h(m_l)(f,o) =0, h(m)(ﬁo) > 0.
Prove that y
+1 m! mn
I(z) ~ f(to)e~=htop | L2
(@) ~ f(to)e < m Zh 0™ (to)
as x — 00

8.16 AConsider the following multidimensional extension of the Laplace method. Lets = (s1,...,Sn)
and for large positive x

I(z) = /S F(s)e="hgs,

Let sg be a unique point, where h(s) attains minimum. We further assume that second partial

02
derivatives of h exist and are continuous and the Hessian matrix H = (%) is positive
i08j

definite. Prove the following (cf. [195]).

Theorem 8.37 Under the above hypothesis (see also hypothesis of Theorem 8.17)

n/2
1) ~ Lo (22
detH x

as r — Q.

8.17 A The involution number I, has the following exponential generating functions
A(z) = e*+2 /2,
Using Hayman’s method prove that
e—1/4
I, = nl——=n""/2"/2HVn
" V2mn

(originally due to Moser and Wyman).

8.18 Using the van der Waerden method prove that

$+ioco
I(n) = / exp(—n(z? +2/2))dz

1 .
3 100
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(the line of integration is Sz = 3) yields
I 3 3V3
I(n) ~ ,/gexp (n <§+ZT>> .

8.19 Provide a rigorous proof of the result from Example 22 through an application of the van der
Waerden method.

8.20 Prove all the claims of the Jacquet-Schachinger Lemma 8.22.

8.21 A Let
5,00 = >0 (5 )i,

k=1
where A ¢ Z. Prove the Flajolet and Sedgewick [148] result, namely
e - TO@) 1

Sn(X) = —(logn)* Y _(~1) - ) log/ n”
() (logn) jzo( )j!r(1+A—J)logjn

where T'U) (1) is the jth derivative of the gamma function at z = 1.

8.22 A (Flajolet and Sedgewick, 1995) Let

Y, = zn:(_m (Z) log k.

k=1

Prove that
ol w2+ 672

logn 12 log®n

Y, =loglogn + v + + O(log ™2 n).

8.23 Consider the exact pattern matching problem of Section 7.6.2. Prove the following stronger
version of the large deviations. Let r = (1 4+ §)E[O,] and a = (1 + §)P(H) with § # 0. For
complex ¢, define p(t) to be the root of

1—e'Mpg(e?) =0,

while w, and o, are defined as

_p/(wG) = )
' (wa) = o2
Then
1 1
Pr{OL(H) = (1 + H)B[0,]} = S (10 1)).
HOu(H) = (1+DBI0, )} = — e :

where I(a) = aw, + p(wq).
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8.24 A(Szpankovvski7 1991) Using Rice’s method or Theorem 8.21 prove Theorem 8.33. In particular,
establish a formula on the constant A in (8.167).

8.25 A (Jacquet and Régnier, 1986) Let s (j = 1,2,... and k¥ = 0,£1,...) be a solution of
(8.178). Prove that

R(sk,2(v)) = s0,2(R(v))

8.26 A (Flajolet, 1999) Using singularity analysis and the method of Section 8.5 prove that

~ (N g ook 12K 1 3p-2 1
]§<k>pq 4k(k>\/p_n ! 8pn +0 nd))’

n

Y\ &k n—k _ i i
Z(k)pq Hkplog(pn)+7+2n+0<n2),

k=0

where Hj, is the harmonic number.

8.27 Prove the following generalization of Theorem 8.24: If for some r > 0, the PGFs G, (z) and G(z)
of discrete distributions are analytic in |z| < r and continuous of |z| = r, then

|pn,k _pk| < Tﬁk sup |Gn('z) - G(Z)|,

|z|=r
where py, i = [2F]Gy(2) and pr = [2¥]G(2).
8.28 ind the limiting distribution of the profile b, efined in Section 8.7.3) for £ = + logm+
Find the limiting distributi f th ﬁlBkdﬁd'S'S?ka}LI

O(y/logm), where B, (k) is the number of nodes on level k in digital search tree built from m
strings generated by a biased memoryless source.

8.29 A Using techniques of this chapter, prove Watson’s Lemma: If f(t) is a real or complex
function of positive real variable t, and

) ~ 2713 ant™ RN >0,
n=0
and the integral (i.e., Laplace transform)
F(z) :/ f(t)e *dt
0

is convergent for sufficiently large R(z), then

an

F(z)NZF(n—i—)\)Zn_M, 2z — 00
n=0

in the sector |arg(z)| < 3w (cf. [331, 422, 448]).
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8.30 A (Jacquet and Régnier, 1986) Using Rice’s formula, prove that the limiting distribution of the
typical depth in a trie built from n independently generated binary sequences is normal. More
precisely: For biased memoryless source (p # q) the limiting distribution of the depth D,, in a
trie is

D,, —c1logn

Ve logn

where ¢1 = 1/h and ca = (ha — h?)/h3 (as before, h is the entropy of the source and hy =
plog? p + qlog? ¢). Extend it to Markovian sources (cf. [215]).

— N(0,1),
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Chapter 9

Mellin Transform and Its Applications

Summary: The Mellin transform (Hjalman Mellin 1854-1933, Finish mathematician) is
the most popular transform in the analysis of algorithms. It is closely related to the two-
sided Laplace and Fourier transforms except that it has a polynomial kernel. D. E. Knuth,
together with De Bruijn, introduced it in the orbit of discrete mathematics in the mid-
1960s, however, Flajolet’s school systematized and applied the Mellin transform to myriad
problems of analytic combinatorics and analysis of algorithms. Recently, the Mellin transform
found its way into information theory. The popularity of this transform stems from two
important properties. It allows the reduction of certain functional equations to algebraic
ones, and it provides a direct mapping between asymptotic expansions of a function near
zero or infinity and the set of singularities of the transform in the complex plane. The latter
asymptotic property, enriched in the singularity analysis or depoissonization (discussed in
the next chapter), is crucial for applications. We discuss here some properties of the Mellin
transform, and illustrate its applications with many examples.

HE MELLIN TRANSFORM f*(s) of a complex-valued function f(x) defined over pos-
itive reals is

M(f(x);s] := f*(s) = /Ooo f(z)z*tdx

with s being a complex number. The Mellin transform can be viewed as the Laplace transform
or the Fourier transform. However, it proves convenient to work with the Mellin transform
rather than the Laplace-Fourier version. This is particularly true in the analysis of algorithms
and analytic combinatorics, where one often deals with functional equations like

f(z) = a(x) + af(xp) + Bf(zq),

where «, 3 are constants, and a(x) is a known function. We have already encountered such
functional equations in this book (e.g., Sections 7.6.1 and 8.7.3). We will see more of these

361
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in this chapter. The point is that the Mellin transform maps the above functional equation
into an algebraic one that is easier to solve and hence allows us to recover f(z), at least
asymptotically as x — 0 or z — oco.

The usefulness of the Mellin transform stems from its asymptotic properties. There is a
direct mapping between asymptotic expansions of a function near zero or infinity and the set
of singularities of the transform in the complex plane. This plays a crucial role in applications.
For example, sums like

G(x):i(l—e—m’“) and H(x)zi(—l)ke_kgxlogk
k=0 k=1

that are not easily computable, either numerically of asymptotically, can be treated by Mellin
transforms for £ — 0 or x — oo. We study some representative examples in this chapter.

In the analysis of algorithms, f(z) is often a generating function of a sequence f,,. Using
the asymptotic properties of the Mellin transform, we are able to find an asymptotic expansion
of f(z), but we still need a tool to recover f, (this is called a two-step approach). We
may either use the singularity analysis discussed in the previous chapter or turn to another
approach called analytic depoissonization that we shall introduce in this next chapter.

Over the last 30 years, myriad analyses of algorithms have been successfully accomplished
through Mellin transforms. The list is quite long, and we mention here only: sorting and
searching methods [269], digital trees such as tries [212, 213, 215, 243, 269, 250, 407, 406],
PATRICIA trie [251, 269, 350, 408], digital search trees [147, 217, 220, 253, 269, 409] and
suffix trees [216], string matching [28, 330], data compression [297, 217, 220], multidimensional
searching [142], communication protocols [170, 311, 404], randomized data structures [247],
and probabilistic counting [254]. In some cases, notably digital search trees and sorting,
alternative methods (e.g., Rice method) can be used. However, when the problem becomes
more complicated, it is fair to say that the Mellin transform must be involved. We shall see
it in this chapter, and even more in the next one.

We start with a short discussion of basic properties of the Mellin transform followed by a
longer excursion into asymptotic properties. We also present a brief extension of the Mellin
transform to the complex plane that is crucial for applications. As always, we finish with
an applications section, where we discuss the average and the variance of the depth in an
extension of digital search trees, and then we evaluate the minimax redundancy of a renewal
process. The latter example is one of the most involved in this book.

We intend to make this chapter short since there are excellent and in-depth surveys on
the Mellin transform. The recent extended survey by Flajolet, Gourdon, and Dumas [132]
contains more than we plan to discuss here. We shall borrow from it freely, and refer the
reader to it for further details. An even more detailed account on the method can be found
in the forthcoming book of Flajolet and Sedgewick [149]. Brief discussions are also in Hofri
[197] and Mahmoud [305].
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9.1 Basic Properties

Let f(z) be a complex-valued function that exists over (0,00) and is locally integrable. To
avoid further complication, we assume throughout that f is continuous in (0, 00). The Mellin
transform is defined as

Mf(@):s] = f(s) = /OOO flx)e®de. 9.1)

In the sequel, we study the existence of the transform, compute the transform of some common
functions, and investigate several functional properties of the transform.

(M1) FUNDAMENTAL STRIP

Let f(z) be a continuous function on the interval (0, c0) such that

R R I

Then the Mellin transform f*(s) exists for any complex number s in the fundamental strip
—a < R(s) < —f, which we also denote as (—«, —(3). This is true since

IN

1 o0
/ [ (@)™~ dr + / [ (@)™ dee
0 1

1
< Cl/ LREO+Fa1g, o /ooxéR(s)-i-,@—ldx’
0 1

/Oo f(x)z*tda
0

where ¢; and c¢g are constants. The first integral above exists for R(s) > —« and the second for
R(s) < —B. This proves the claim. For example, fi(x) = e %, fao(x) = e *—1, f3(z) = 1/(1+
x) have the fundamental strips (0, 00), (—1,0), and (0, 1), respectively (see also Table 9.1).
In passing, we observe that the Mellin transform is analytic inside its fundamental strip. We
also notice that the Mellin transform of a polynomial does not exist. However, as we shall
see, polynomials play a crucial role; they shift the fundamental strip (see Entries 1, 2, and 3
in Table 9.1).

Table 9.1 presents some of the most commonly used Mellin transforms with their corre-
sponding fundamental strips. These formulas will be established in the course of the next few
pages. For now we observe that Entry 1 of the table is the classical Euler’s gamma function.
Entries 5 and 7 follow from the classical beta function. Indeed,

s

Fo(s) = /OOO (1 + 2)"\dz = /01 £(1 — £)'=5dt = T(s)T(1 — s) =

sinws’

where the last equation is a consequence of (2.33). Entries 811 are trivial to prove, but they
play the most important role in the asymptotic analysis of the Mellin transform. As we shall
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Table 9.1: Mellin Transform of Some Functions

Ttem Function Mellin Transform | Fund. Strip
1. e ” I'(s) (0, 00)
2. e -1 I'(s) (—1,0)
3. et -1+ I'(s) (—2,-1)
4. 5T (3) (0, 00)
5. T (0, 1)
6. log(1 + z) e (—1,0)
7. (1+1$)” B(s,v —s) 0,v), v>0
8. |H(x)=1(0<x<1) 1 (0, 00)
9. 1— H(zx) ~1 (—000)
10. z%log®(z) H () % (—a,00), keN
11. | 2%logh(z)(1 — H(z)) e (—a,00), k€N
12 = P)s) | (1,00)
13. log (=) R SN
14. log(1 —e™7%) —I'(s)¢(s+ 1) (0, 00)

see in Section 9.2, these formulas remain valid even when = is replaced by ~ for x — 0 and
T — 00, respectively.

(M2)

SMALLNESS OF MELLIN TRANSFORMS

Let s = o +it. We first only assume that f(z) is continuous. Observe that

o +it) = / f(x)ef‘mei“ogxdx,
0

thus by the Riemann-Lebesgue Lemma 8.14

Fro+it) =

o(1)

as t — +oo.



365 Mellin Transform and Its Applications
If f(x) is 7 times differentiable, then by integration by parts we have M[f() (z); s] = (—1)"(s—
)" f*(s —r) (cf. also (9.8) below). This, together with (9.2), yields

fflo+it)y=o(t|™") as t— +oo (9.3)
for o fixed.

(M3) FUNCTIONAL PROPERTIES
The following properties play a prime role in applications of the Mellin transform. They are
easy to establish in the corresponding fundamental strips:

Function = Mellin Transform

@) e Plstv),
fluz) & p=°f(s) w >0,
f@) e %f’%s/m p>0, (9.6)
fx)logz < %f*(s), (9.7)
L@ s DS 99
P R (9.9)
/0 “rod o —% Fs+1) (9.10)
@)= Mglme) & [ (5)=9"(s) Y Mepy” K finite (9.11)
ke ke

Formulas (9.4)—(9.11) are direct and simple consequences of the Mellin transform definition.
For example, (9.9) follows from integration by parts

Ml f(a);s] = f(@) e — sMIf(a)is] = —sMIf(@); o

with the validity in a strip, that is, a subset of the fundamental strip, dictated by the growth
of f.

Using the above properties, we may establish some more entries from Table 9.1. In
particular, Entry 4 follows directly from Entry 1 and (9.6). To prove Entry 6 we apply
property (9.10) to Entry 5. To establish Entries 12-14, we need to generalize property (9.11)
to infinite /C, which we discuss next.
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The sum

F(z) =Y Mof () (9.12)
K

is called the harmonic sum. After formally applying the scaling property (9.5), and assuming
the corresponding series exist, we obtain

Ak
W M

F¥(s) = f*(s) (9.13)

This formula is responsible, to a large extent, for usefulness of the Mellin transform and

finds plenty of applications in discrete mathematics, analysis of algorithms, and analytic
combinatorics. Theorem 9.1 below provides conditions under which it is true.

Theorem 9.1 (Harmonic Sum Formula) The Mellin transform of the harmonic sum (9.12)
is defined in the intersection of the fundamental strip of f(x) and the domain of absolute con-
vergence of the Dirichlet series Y, Ay, ® (which is of the form R(s) > o4 for some real 0,),
and it is given by (9.13).

Proof. Since f*(s) and the Dirichlet series }_; Appuy ® are both analytic in the intersection,
if not empty, of the corresponding convergence regions, the interchange of summation and
integration is legitimate by Fubini’s theorem. |

Using the above result, we can now prove Entries 12-14 of Table 9.1. In particular, to
establish Entry 12 of Table 9.1 we proceed as follows. For any x > 0 we have

— o0
e x

l—e Z e,

k=1

By (9.13) its Mellin is M[e™%;s] Y72, k~° = I'(s)((s) for R(s) > 1. For Entry 14 we need to
wrestle a little more, but

—t

M(log(1 — e *); 5] = M [/0‘” ; € _tdt;s] = —%I‘(s + 1)((s+ 1) =-I'(s)¢(s + 1).

As a consequence of this, we immediately prove that
M [Z log(1 — e7+*); ] — —T(s)C(s)C(5 + 1) (9.14)
k>1

for #(s) > 1. The reader is asked to prove Entry 13 in Exercise 1.

(M4) INVERSE MELLIN TRANSFORM
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Since the Mellin transform is a special case of the Fourier transform, we should expect a
similar inverse formula. Indeed this is the case. Let s = o + it and set z = e™ Y. Then

&) == [ fenereiny,

This links Mellin and Fourier transforms, and from the inverse Fourier transform we obtain
(cf. Henrici [195]): If f(z) is continuous on (0,00), then

L[ —*d 9.15

fa)=5= [ (s, (915)

where a < ¢ < b and (a,b) is the fundamental strip of f*(s). We should remind the reader

that we have already encountered an integral like the one in (9.15) in Section 7.6.3 and
Section 8.5 (e.g., Theorem 8.21 and Rice’s method).

The inverse formula is of prime importance to asymptotics. We first prove Entry 2 of
Table 9.1. We apply (9.15) with I'(s) defined in the strip (—1,0). Let ¢ = —% and consider
a large rectangle left to the line of integration in (9.15) with the left line located at, say
—M — % for M > 0. As in the proof of Theorem 8.21 we show that the top and the bottom
line contribute negligible while the left line contributes O(x™*1/2). Thus

—1iico M
flz) = L/ 3t [(s)z %ds = Z Res[['(s);s = —k] + O(xMJrl/Q)
k=1

271 —1ico

- (—DF
_ Z o .’Ek—f—O(.’EMJrl/Q)
k=1 ’

— e -1 as M — oo,

which proves Entry 2. In a similar manner we can prove Entry 3 (cf. also Exercise 2). This
completes the derivations of all entries in Table 9.1.

In the introduction we mentioned that Mellin transforms are useful to solve functional
equations. We shall illustrate this in Example 2 below, while in Example 1 we show that the
Mellin transform can also be used to establish functional equations.

Example 9.1 A Functional Equation Through the Mellin Transform
In the analysis of the variance of a certain parameter (i.e., partial match) in a multi-
dimensional search Kirschenhofer, Prodinger, and Szpankowski [252] studied the following

function

e—k:v

F(.%‘):Zi_mc .
k211+e z
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As a matter of fact, it was already analyzed by Ramanujan (cf. [45]). Our goal is to prove
the following functional equation on F'(x)

T 1 2
Let 1
Bls) = (1) ———,
JZ% (25 +1)8
which resembles the zeta function. Observe that
ek j k(2j+1)
J— — — X
F@) = Y g = 2 (1) ek
k>1 j=0 k>1

Then by the harmonic sum formula, the Mellin transform F*(s) of F(z) is

F(s) = T'(s)C(s)B(s).
By the Mellin inversion formula this yields
1 3/2+ic0
@) =5 [ )N ds

Now we take the two residues at s = 1 and s = 0 out from the above integral (notice
that 5(0) = 1/2 and (1) = w/4; (cf. [2]) and apply the duplication formula for I'(s) (see
Section 2.4.1) to obtain

Fla)=7- - i + % 7im%281r <§> r (8 ! 1> 25¢(5)B(s)ds .

As before, the exponential smallness of the I'-function along vertical lines justifies the shifting
of the line integral. We now use the functional equations for {(s) and ((s) (see Section 2.4),
namely,

r (%) C(s) = 73 (1 - 5) C(1—s), (9.17)

and

B(1— )T (1 - g) _ g2s-1p—stiT <3 : 1) B(s) . (9.18)

Identity (9.17) is the Riemann functional equation for ((s), and (9.18) is an immediate
consequence of the functional equation for Hurwitz’s ¢-function ((s,a) (cf. [15]), and the fact
that

3(s) =47 <o, )~ <)) -
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Using (9.17) and (9.18), and substituting 1 — s = u, we arrive at

2 1ico
2
us 1 1
F - - _ - 1—2uF u—1 ]
O it | @ )

This proves (9.16).

In passing we mention that the functional equation can be used for a numerical evaluation
of F(x), as already observed by Kirschenhofer, Prodinger, and Schoissengeier [249] and further
explored in Kirschenhofer and Prodinger [243].

For example, in applications the following series is of interest

2k:
k212 +1

Since 72/ log 2 ~ 14.2 we expect F(72/log?2) to be small so that the first two terms in (9.16)

will determine the numerical value of F(log2). As a matter of fact, pulling out one term

from F(7w%/log2) and computing other terms we obtain F(log2) = 0.8830930036(+£10~11).
In Exercise 4 we ask the reader to prove similar functional equations. O

9.2 Asymptotic Properties of the Mellin Transform

We have said it many times, and we repeat it again, the usefulness of the Mellin transform
stems from its asymptotic properties, which we shall examine in this section. We start with
an informal discussion that will lead to the direct and reverse mapping theorems, the pillars
of the Mellin transform asymptotics.

Let f(x) be r times differentiable function with » > 2. The fundamental strip of f*(s)
is assumed to be a < R(s) < . We restrict analysis to meromorphic functions f*(s) that
can be analytically continued to § < R(s) < M for any M. We also postulate that f*(s) has
finitely many poles Ay such that ®(\;) < M. Then we claim that for z — oo

flz)=— Z Res[f*(s)z™%, s = \i) + O(2™)  z — oo, (9.19)
ALK

where K is the set of singularities and M is as large as we want. (In a similar fashion one can
continue the function f*(s) to the left to get an asymptotic formula for x — 0.) This is the
announced asymptotic property. Its proof is quite simple and we have already seen the main
ingredients of it in Section 7.5.3. Due to its importance, we repeat below the main steps of
the analysis.
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c+iA M +iA

c— 1A M —iA

Figure 9.1: The fundamental strip of f*(s) and the integration contour.

Consider the rectangle R shown in Figure 9.1 with the corners as illustrated. Choose A
so that the sides of R do not pass through any singularities of f*(s)x™°. When evaluating

c+iA M+’LA M—iA c—iA
lim = lim / / +/ )
A—o00 A—o0 +iA M+iA M—iA

the second and fourth integrals contribute O(A™") due to the smallness property (M2). The
contribution of the fourth integral is computed as follows:

M zoo
Yz~ %ds

_ ‘ /OOOO M +it):c_M_“dt‘

MJrzoo

< MO il = 0@ M),

since f is at least twice differentiable so that the integral above exists. Using now the Cauchy
residue theorem and taking into account the negative direction of R we finally obtain

- Z Res[f*(s)z™%, s = \g] = L /CHOO fH(s)x%ds + O(x™™M),

ApEH 211 Je—ioo

where o < ¢ < #. This proves (9.19).
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In particular, if f*(s) has the following form

)= ——1 (9.20)
= (s —b)Ft
and f*(s) can be analytically continued to § < R(s) < M, then Entry 10 of Table 9.1 implies

that
K

flx) = - g(—l)k%xbbgkx +0( M) 22— . (9.21)

In a similar fashion, if for —M < R(s) < a the smallness condition of f*(s) holds and

£\ dp,
f (8) - kz::o (S _ b)k+1 ’ (922)
then
= Kk by & M
f(z) = Z(—l) ik log"z+O(z™) x—0. (9.23)
k=0 :

We return to these relationships below when we establish the direct and reverse mapping
theorems.

Example 9.2 Splitting Process Arising in Probabilistic Counting

Splitting processes arise in many applications that include probabilistic counting [254],
selecting the loser [124, 347], estimating the number of questions necessary to identify distinct
objects [339], searching algorithms based on digital tries [212, 213, 269, 305, 406], approximate
counting [244], conflict resolution algorithms for multiaccess communication [214, 311, 405]
and so forth. Let us focus on the probabilistic counting. Using a digital tree representation
one can describe it in terms of this splitting process as follows: Imagine n persons flipping
a fair coin, and those who get 1 discontinue throwing (move to the right in the digital tree
representation) while the rest continue throwing (i.e., move to the left in the digital tree).
The process continues until all remaining persons flip a 0. Consider now the following more
general version of the splitting process, where the coin flipping ends as soon as at most d
persons have flipped a 1 in the same round, where d is a given parameter. We denote the
number of rounds by 1+ R,, 4. Observe that d = 0 corresponds to the original situation.

It is easy to see (cf. also [254]) that the Poisson transform (see also the next chapter)

~ . 2n
L(z)=e7* ) E[Rmd]ﬁ
n>0 '

satisfies the following functional equation

L(z) = fa(=/2)L(z/2) + fa(2/2),
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where fi(z) =1 —e4(z)e”* and
2! P
ed(z):1+ﬁ+m+ﬁ'
After iterating this equation we arrive at (see Section 7.6.1)
. oo
L(z)p(z) = Y p(z27"7") (9.24)
n=0
where
00 ' 00 ) )
o(2) =TT fa(z27) = T (1= ea(227)e ") . (9.25)
j=0 j=0

By d’Alembert’s criterion, the final expression converges absolutely for all complex numbers
z. We derive an asymptotic expansion of L(z) for z — co (and for now assume that z is real).

Observe that (9.24) is a harmonic sum. Let Q1(z) = L(2)g(z) and Q% (s) be its Mellin
transform that exists in the strip R(s) € (—o00,0). By the harmonic sum formula we have
Q7(s) = 2%/(1—2%)p*(s), where the Mellin transform ¢*(s) of p(z) exists in R(s) € (—o0,0).
However, there is a problem since the Mellin transform of ¢(s) does not exist at s = 0, and
we need a more precise estimate of ¢*(s) at s = 0. Thus, we proceed as follows. Define

O(z) = ¢p(22) — p(x) = ea(z)e™ ¢ (2z) .
Observe now that the Mellin transform of ®(z) exists in (—oo, c0), and

s s 2
Qi) = 5" = (5 ) ¥ (9.26)

where ®*(s) is an entire function, as we noticed above, defined as

d*(s) = /Ooo eq(z)e T p(2z)x* Ldx .

To evaluate f/(z) asymptotically we apply (9.19). Note that yp = 2mik/log2 (kK =
0,41,+2,...) are the solutions of 1 —27° = 0, and the main contribution to the asymptotics
comes from yo = 0. Since p(z) ~ 1+ O(z=™) for any M > 0 as z — oo, we obtain

$*(0)  @°(0) $(0)

L(z) = logy z - Pi(1 M
0 =10 1T~ T 20D 4 pitog, ) +0()
where
* o0 —z dCC
2'(0) = [ eTe@pn,
0 T
0 1
d*(0) = / e Teq(r)p(2r) ngdx,
0 x
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and

B P (—xp)(x —1)  2Y(—xx) o2k
Pi(z) = g;o ( log 2 log? 2 ) '

To complete the proof, we need to evaluate ®*(0),®*(xx), ®*(0), and ®*(xx). We show here
how to estimate ®*(0); the other evaluations can be found in [254]. Define the function 1(z)

as follows
1 ifz>1
1(5”)_{ 0 ifr<l.

Then we can write
w0 = [ (e - p)=
= [T -10)T + [Tae) -1 + [T 0w - e
= [Taen 1@ = [ 2

x /23?

since after the substitution u = 2z in the second line of the above display, the first and second
integrals cancel. A similar derivation shows that ®*(xx) = 0. O

We are now in a position to precisely state results regarding asymptotic properties of the
Mellin transform. We start with the reverse mapping, which maps the asymptotics of the
Mellin transform into asymptotics of the original function for x — 0 and x — oco. Following
Flajolet, Gourdon, and Dumas [132] we introduce the singular expansion. It is basically a
sum of the Laurent expansions around all poles truncated to the O(1) term. For example,
since

_
s(s—1)

1 1
= —14+0(s—1 1
s(s—1) s—1 OG-0,  s—1

—1
= ?—1—#0(5), s —0,

we write

1 -1 1
<2 e
S(S - 1) S s=0 s—1 s=1
as a singular expansion. In general, for a meromorphic function f(s) with poles in K the
singular expansion is

Fls)= D7 Auls),

wek

where A, (s) is the Laurent expansion of f around s = w up to at most O(1) term.
Based on our discussion above we formulate the following result.
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Theorem 9.2 (Reverse Mapping) Let f be continuous with Mellin transform f*(s) de-
fined in a non-empty strip (o, 3).

(i) [ASYMPTOTICS FOR = — oo] Assume that f*(s) admits a meromorphic continuation to
R(s) € (a, M) for some M > [ such that

[ (s) =0(s[™), s—o00 (9-27)
for some r > 1 and .
fi(s) = Z #7 (9.28)
kb

where the sum is over a finite set of k and b. Then

fz) = — ;(—M%xb log" 2 + O(z~M) (9.29)

as r — OQ.

(ii) [ASYMPTOTICS FOR x — 0] Assume that f*(s) admits a meromorphic continuation to
R(s) € (=M,pB) for some —M < « such that (9.27) and (9.28) hold in R(s) € (=M, ().
Then
Fla) = S (—1)F ke —b1ogh 2 4 O(2M) (9.30)
v k!

as x — 0.

Proof. Part (i) we have already discussed above. It suffices to follow these steps tailored to
(9.28). For part (ii) it is enough to observe that by (9.6) M[f(1/x);s] = —M|[f(z);s]. An
alternative proof is possible by following the above steps and expanding the Mellin integral
to the left instead of to the right as we did for x — oc. |

Example 9.3 A Recurrence Arising in the Analysis of the PATRICIA Height
In [259] Knessl and Szpankowski analyzed the height of PATRICIA tries. Among others,
the following equation arose

22-n 2 1
C, = 3 <” i )ck, n>2 (9.31)

n+1 P k
with Co = 1. Certainly, the exponential generating function C(z) = Y02, %Cm of Cp
satisfies /2
z\ e*/°—1
C(z)=8C|= .
() =50 (3)

Setting C(z) = e *C(2) (so that C(z) is the Poisson transform of C,,) we arrive at

Oz) = 2(1 _ )@ (%) .
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Observe that C(z) ~ 22/2 as z — 0 since Cy = 1 and we define Cyp = C; = 0. Next we set
C(z) = 22G(z)/2 and replace z by 2z in the above, which gives

G(22) = G(2) (1 - ez)

z

with G(0) = 1, and after another change F(z) = log G(z) we obtain

F(22) — F(2) = log (1 —Zez> ,

with F'(0) = 0. The above functional equation is manageable by Mellin transforms. The
Mellin transform F*(s) of F'(z) is

F*(s) = 1 3828./\/1 [log <1 —Ze_z>]

for ®(s) € (—1,0). In Exercise 1 we asked the reader to prove Entry 13 of Table 9.1, that is,

M [lOg <1—Ze—Z>] _ _r(s+1)g(s+1)’ 1< R(s) <0

S

leading to
I(s+1)¢(s+1)
(275 —1)
for R(s) € (—1,0). Taking into account the singularities of F*(s), that is, a triple pole at

s = 0 and simple poles along the imaginary axis at x; = —2mik/log 2, and using the reverse
mapping theorem, we arrive at

F*(s) = —

exlFtal] 32 ey (AR e 5D

— W(l 9.32

where

o 1 2wl 2mil )
(1 — (1= 122 2m£log2,z.
(log 2) Z 2l < log2> ¢ ( log 2> c

{=—o00

040

The above is true for z — oo along the real axis, but we can analytically continue it to a cone
around the real positive axis. In Section 9.3 we extend the Mellin transform to the complex
plane, thus automatically obtaining the same conclusion. However, to obtain asymptotics
of C, one needs another approach. The singularity analysis discussed in Section 8.3.2 does
not work well in this case. In the next chapter we develop a new tool called the analytic
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depoissonization that will handle it easily. In fact, we return to this problem in Example 10.8
of Chapter 10. O

Not surprisingly, there exists a direct mapping from asymptotics of f(x) near zero and
infinity to a singular expansion of f*(s). We formulate it next.
Theorem 9.3 (Direct Mapping) Let f be continuous with Mellin transform f*(s) defined
in a nonempty strip («, 3).

(i) Assume that f(x) admits near x — 0 the following asymptotic expansion for —M < —b <
a

=Y cppalloghz+ O@™M), (9.33)
kb

where the sum is over a finite set of k and b. Then f*(s) is continuable to the strip (—M, [3)
and admits the singular expansion

k:k|
Z Ck, b + b ) (9.34)

for =M < R(s) < .

(ii) Let f(x) have the following asymptotic expansion for x — oo

T) = Z crpr logh x4+ O(xM), (9.35)
k,b

where B < b < M. The Mellin transform f*(s) can be continued to the strip (o, M) and

kl
Z Chau k — (9.36)

for o < R(s) < M.

Proof. As before we need only concentrate on one case. For a change, we prove the case
x — 0. We shall follow Flajolet, Gourdon, and Dumas [132]. By assumption the function

g(x) = f(x) = ckpa’ log" @
k,b

is O(xM). In the fundamental strip we also have

1 1 o)
1) = [ @+ [ aae ok e+ [ f@e e,
0 0 kb 1
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The first integral above is defined in (—M, o) since g(x) = O(z™) for x — 0. The third
integral is analytic for R(s) < 3, while the second integral is easily computable (Table 9.1).
In summary, f*(s) exists in (—M, 5) and has (9.34) as its singular expansion. [

The direct and reverse mapping theorems are at the heart of the Mellin transform method.
They have myriad applications. The survey by Flajolet, Gourdon, and Dumas [132] is the
best source of information. Chapter 7 of the forthcoming book by Flajolet and Sedgewick
also has many interesting examples. Here, we just illustrate it with an example and a few
exercises. We shall return to it in the next chapter.

Example 9.4 Generalized Euler-Maclaurin Summation Formula

This example is adopted from Flajolet, Gourdon, and Dumas [132]. In Section 8.2.1
we discussed the Euler-Maclaurin summation formula that allows us to approximate discrete
sums by integrals. Let us now consider

F(z) =) f(nz),
n=1

where

(o]
f(x):ch.xk, x — 0,
k=0

and for simplicity of presentation we postulate f(z) = O(z~3/2) as # — co. The Mellin
transform F*(s) of F(x) is
F*(s) = f*(s)¢(s)

for R(s) > 1. Taking into account the pole of ((s) at s = 1, we can write F*(s) as the
following singular expansion

F*(S) = L(l) + io: ck((_k)

s—1 s+ k

9

k=0

due to our assumptions regarding f(z) as © — 0. By the reverse mapping theorem we find

S fna) ~ [T e Y ac-e
n=1 T Jo k=1

= — t)dt — = — —Cof_
36/0 f(t) 2f(0) kz::l 5y C2h-17

where Bj, are Bernoulli numbers (see Table 8.1). The last line above is a consequence of
¢(—2k +1) = —By,/2k.
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The above is basically the Euler-Maclaurin formula. Interestingly, it can be generalized

to fractional exponents of x. For example, let us consider

where

with —1 < By < 81 < ---. This translates to

F*(s) = —f"(s)¢'(s).

The singular expansion, due to the double pole of {(s) at s =1, is

f ) +f*'(1) ické'(—ﬁk)

(s—12 " s—1 = s+p

F*(s) =

By the reverse mapping theorem we finally arrive at

1 l > l > _ 1(_ Bk
F(x) xlng/o f(t)dt—i—x/o f(t)logtdt kz:%ckﬁ( B )"

Using this, we can easily derive the Ramanujan formula, namely,
S —kx 1 1
Ze loghk=—(log— —~ ) +log V2 + O(x).
x x
k=1
In Exercises 7-10 we propose some more examples and generalizations.

9.3 Extension to the Complex Plane

(9.37)

In various applications of the Mellin transform one needs an extension of the transform to
complex analytic functions. To motivate this, let us consider a generic example. Let f, be a
sequence such that it has the generating function f(z) satisfying, say, the following functional

equation

f(z) = a(2) + f(p2) + f(q2)

for some a(z) and p+ ¢ = 1. If z is real, the Mellin transform f*(s) becomes

Fs) = e

(9.38)

(9.39)
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where a*(s) is the Mellin transform of a(z). This can be used to obtain asymptotics of f(x)
for z — 0 or z — oco. Assume that we obtained f(z) =1/v/1— x4 O(1), and would like to
infer asymptotics of f, through singularity analysis. For this, however, we need an extension
of f(x) to complex z, which further would require an extension for the Mellin transform to
complex analytic functions.

We shall discuss such an extension in this section; that is, we define the Mellin transform
for complex functions F'(z) such that f(x) = F(2) |,=z>0 for z complex. Its application will
be illustrated in Section 9.4.2 and the next chapter.

Theorem 9.4 Let (61,02) be an interval containing 0. Let F(z) be an analytic function
defined for z in a cone Sy, g, = {z: 01 < arg(z) < 02} such that F(z) = O(z™°) for z — 0,
and F(z) = O(z™9%) for z — oo with z confined to the cone (or more generally: there is an
interval (c,d) such that for allb € (¢,d): F(z) = O(z7%) as z — 0 and z — oo in the cone).

(i) Let L be a curve that starts at z = 0 and goes to oo inside the cone Sy, g,. For R(s) € (c,d)
the integral

M(F,s) = F*(s) = / F(2)2*\dz
L
exists and does not depend on the curve L. We call it the complex Mellin transform.
(ii) The complex Mellin transform F*(s) is identical to the real Mellin transform f*(s), that
18,
/ F(x)z* lde = f*(s) = F*(s) = / F(2)2° tdz .
0 L
Furthermore, M(F'(za),s) = a™°f*(s) defined on Sp, _arg(a),60—arg(a) With a € Sp, g,

(iii) For b € (c,d) and 01 < 0 < 03, f*(b+it)e® is absolutely integrable with respect to the
variable t from —oo to +00. The inverse Mellin exists and becomes

1 —s px
F(z) = %/%(S):bz f*(s)ds

forbe (c,d).

Proof: For part (i), observe that the function F(z)z*~! is analytic, thus by Cauchy’s formula

%F(z)zs_ldz =0,

where the integration is over any arbitrary closed curve inside the cone Sy, p,. Let 21 and 2o
be two points on the curve £§° that goes from 0 to infinity inside the cone Sy, 5,. Let also
r =|z1|, R = |22| and let LZ be the part of L between z; and zy. Furthermore, we denote
by A, and Apg the circular arcs connecting z; with r and 2z with R. We integrate along the
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A

L
Z
Z
1 Ag
A, C
>
r R

Figure 9.2: Contours used in the proof of Theorem 9.4

contour C formed by L£Z, the subinterval (r, R) of the real line and the two arcs A, and Ag
(see Figure 9.2). We have

R
F(2)2" Yz = / F(2)2° Ydz + F(2)2° tdz +/ F(2)2°ldz (9.40)
s A'r

LE AR

For R — oo and 7 — 0 we observe that [, F(2)2°"'dz = O(R®™*)~b) for any b € (R(s),d),
and [, F(z)z*'dz = O(r™#)=%) for a € (¢, R(s)), respectively. Thus passing to the limits
as R — oo and r — 0, we conclude that the contributions of the arcs vanish. This proves
part (i) and the first part of (ii).

For part (ii), we immediately infer from (9.40), that is,

F*(s) = lim F(2)2*"'dz = lim RF(z)zsfldz = f*(s) .

R—oo LR R—0o0 Jo

To prove the identity M(F(za),s) = a~*f*(s) one needs only make the change of variable
za = 7' in the integration. Notice that the function F(za) is now defined in the cone
Sﬁl—arg(a)ﬂg—arg(a)'

Point (iii) is a natural consequence of point (ii) by selecting a = €?. In this case, the (real)
Mellin transform of the function F(xe®) becomes e~ £*(s), which is absolutely integrable.
Therefore, for all z € Sy, g, the function 2% f*(s) is absolutely integrable with respect to

3(s). Finally, we conclude that the Mellin inverse identity holds in the complex case. [
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The above extension enjoys all the “nice” properties of Mellin transforms of real x that
we discussed so far. In particular, it can be used to obtain an asymptotic expansion of F(z)
for z — 0 and z — oo.

Theorem 9.5 Let f(x) be a function of a real variable. Let f*(s) be its Mellin transform
defined in the strip R(s) € (c,d). Let (01,62) be an interval containing 0. If for all b € (c,d)
function f*(b+it)e”t and f*(b+it)e??t are absolutely integrable, then

(i) The analytic continuation F(z) of f(x) exists in cone Sy, g, and F(z) = O(z7°) for|z| — 0
and |z| — oo for all b € (c,d).

(i) If the Mellin transform f*(s) has singularities that are regular isolated poles in the strip

R(s) € (d,d), where ¢ < ¢ and d' > d, then the function F(z) has the same asymptotic
c d

expansions as f(x) up to z=¢ at 0 and up to order z=% at oo.
Proof: Defining
1
F(z) = —/ 2 f*(s)ds
()= 27 oo T

one introduces an analytic function that matches f(x) on the real line. By an elementary
estimate of the integrand we have F(z) = O(z7%) due to the assumption concerning the
smallness of f*(b+it) as t — too. Part (ii) is a simple consequence of (i), the fact that f*(s)
is the complex Mellin transform of F'(z), and the inverse mapping theorem. ]

To illustrate the above let us return to the functional equation (9.38) that has solution
(9.38). Onme can obtain asymptotics of f(z) by the residue theorem. In particular if a*(s) =
a(s)'(s) with a(s) of at most polynomial growth for +ico, then the asymptotic expansion
remains valid in all cones strictly included in S_r /2 r/o because |['(it)|* = w(tsinh(rt)) ™t =

O(e~™*) when real t tends to +oc.

9.4 Applications

We are again in the applications section. We shall derive here the variance of the depth in a
generalized digital search tree, and the asymptotic expansion of the minimax redundancy for
renewal processes. This last application is probably one of the most complicated examples
discussed in this book; to solve this problem we will need all the knowledge we have gained
so far.

9.4.1 Variance of the Depth in a Generalized Digital Search Tree

As in Section 8.7.3 we study here the depth in a digital search tree. However, this time
we consider a generalized digital search tree in which every node can store up to b strings,
known also as b-DST. The depth is denoted as D,,, and we compute here the variance of D,,
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for the unbiased binary memoryless source in which m independent strings are generated,
each being a sequence of zeros and ones occurring with the same probability. As before, let
By (k) be the expected number of strings on level k of a b-DST tree (i.e., the average profile).
We know that Pr{D,, = k} = By, (k)/m (cf. (8.161). Let Bp,(u) = > x>0 Bm(k)u* be the
generating function of B,,(k). As in Section 8.7.3, we observe that the Poisson generating
function B(u,z) = e=% 3% B (u)Z; satisfies

m=0

b ~ ~
(1 + g) B(u, z) = b+ 2uB(u, z/2), (9.41)

z

where (1 + %)b =" (f) 88;1-. The coefficients of B(u,z) can be computed by solving a
linear recurrence discussed in Sections 7.6.1 and 8.7.3. Unfortunately, there is no easy way to
solve such a recurrence unless b = 1 (see Section 7.6.1). To circumvent this difficulty, Flajolet
and Richmond [145] reduced it to a certain functional equation on an ordinary generating
function that is easier to solve. We proceed along this path.

We define a sequence g (u) = k![z¥]B(u, z), that is, B(u,z) = >3, gk(u)% Observe
that Bm(u) = Sito (Mgk(u). Let G(u,z) = 3220 gk(u)z". We also need the ordinary
generating function of By (u) denoted as

F(u,z) = Z By (u)zF.
k=0

As in Example 7.11 of Chapter 7 we have

1 z
F(u,z) = 1—2G<u’1—z>’
which implies
1 z
Fk) = (k) ( ) 42
u (u7z) 1_ZGU u71_z Y (9 )

where Fék)(z,u) denotes the kth derivative of F(z,u) with respect to u. Then from (9.41)
we obtain

Glu,2)(1+2)° = 2(1+2)° — 221 4 2u2bG(u, g) , (9.43)
GL(u,2)(1+2)° = 22°G(u, g) + 2uz’G (u, %) , (9.44)
G/, 2)(1+2)" = 422G (u, g) + 2uzb G (u, g) . (9.45)

In order to compute the variance, we need L(z2) := G, (u, 2)|y=1 and L2(2) := G/ (u, 2)|u=1.
From (9.44) and (9.45) we immediately obtain
z
2)
z

L2(z)(1+2)" = 4sz1(5)+2sz2(

L)1+ 28 = 2 422004
z

2)'
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Iterating these equations we easily find (cf. [145] and Section 7.6.1)

00 Zb z % b p
o - CICHVRCE VI (0.16)
= (1 +2)(1+5) - (1+5)
L) = i BNCEN - BGE) i (947)
0 (1+20+5) (0 +%))

The next step is to transform the above sums (9.46) and (9.47) into harmonic sums. For this,
we set z = 1/t and define Q(t) = [[32o(1 4 5%). Then (9.46)-(9.47) become

tLA(§) 1

— - 9.48
QL))" kz (Q(2:1))" (945)
tL2(1) = 2k+1tL1(2k+1t)

L= 2y —  2tr 9.49
(Q(% )b k:z:%) (Q(nglt))b ( )

which are harmonic sums. The Mellin transforms are

tLl(%)_s 1 .
M [Qb(%)’ ] EPER
th(%)‘S 2l }

Ml@b(%)’] EEPEIE

where
oo ¢s—1 T
I(s) = ; Qb(t)dt: sinﬂ'sj(s)’ (9.50)
_+)s—1
J(s) = 2% /H ( th)(t) dt (9.51)

with H being the Hankel contour (see Table 8.3).
Applying the reverse mapping Theorem 9.2 we find that

L;(%) = %k(t)—l—bk(t)—l—O(ﬂOgt_l),
Lz(%) — %K(t)—FbK(t)—FO(thg?t_l)a

where

L) L T
t log 2 log2k o Xk
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1 2J(0 1 1 J"0 2
K(t) = loggg—i— ()log——<——|— ©) i >+8bt

log? 2 t 6 log%2 3 log? 2
2 I 1 2 1 r
-2y Otk) =i gl 2 % (X;) ') pxe
log”2 /= Xk t o log”2, =\ Xi Xk

with yp = 2mik/log?2 for k = 0,41,... being the roots of 1 —27% = 0. The next step is
to recover asymptotic expansions of F(1,z) and F)/(1,z) from which computing the mean
E[D,,] and the variance Var[D,,] is routine. Using (9.42) and changing ¢ = 1/z, the above
translates to

z z 1 log 2 z
F (1 = 1 J’O)
u(l;2) (1—2)? Og21—2+log2( 2 " ©) (1—2)?

1 I I+xk 1
_ 3 (xx) = L0 (loglz

IOng;éo Xt (1—2)2txk  log21—z —z
log2 I(xk) 2% < 1 )
J(0) — — Ol
o O e ) o)
20
2J(0) =z z
F'\(1,2) = ——log}—= 1
un(12) (1—2)2 Og21—2:+10g22(1—z)2 812
1 J’0 2 2 I Xk
B <5+1 (2;_ 17T22) = S ogn 2 o o e
og 3log”2) (1-2)* log*2;=4 xx (1—2) z
2 I r Xk log?(1 —
n ¥ (X2k)_ (xk) z Lo og”(1-2))
log”2 ;=0\ Xk Xk (1 —z)xk (1-2)

Having this, we apply the singularity analysis to recover the mean and the variance (through
the second factorial moment E[D,, (D,,—1)]). However, strictly speaking we derived the above
only for z real (since the Mellin transform is defined for z real) while we need an extension
to the complex plane in order to apply Theorem 8.13 of the singularity analysis. Luckily
enough, the extension of Mellin transforms to the complex plane was already presented in
Section 9.3. With this in mind, we are allowed to apply the singularity analysis, in particular
Theorem 8.12, and after some algebra, we find that

1 log 2 / I(xk)  mX
E|D,,| = logom-+ —— —1)+ + J(0) —
T <1og m) ’
m
VarlDa] = =+ 2 (10D ) 4 L (57(0) - (7(0)) + —sdallogy m) — (o
12 log®2 6 log? 2 log 2
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1 2
4 O(Ogm>’
m

J(0) = /Ol(ﬁ)b*)%+/omﬁ)b% (9.52)

" o 1 1 logt © 1 logt

S2(+) is a periodic function with mean zero and period 1, and [0?]y is a very small constant
(e.g., [02]0 < 10710 for b = 1). More precisely, (cf. Hubalek [209])

where

(—xx)
0 — )
o7] L2 ;; (2 + xk)l“(2 - Xk)

and X )
I(xk) = — +/ (Q’b(t) - 1) th*ldtJr/ Qb ()X dt.
Xk 0 1
Numerical evaluation of J’(0) and J”(0) can be found in Hubalek [209].

9.4.2 Redundancy of Renewal Processes

We evaluate here the minimax redundancy of a renewal process. We shall follow Flajolet
and Szpankowski [152].  The reader is referred to Section 8.7.2 for a brief review of the
redundancy problem. We start with a precise definition of the class Ry of renewal processes
and its associated sources. Let T1,T5, ... be a sequence of i.i.d. (i.e., independently, identically
distributed) nonnegative integer-valued random variables with distribution Q(j) = Pr{T} =
j} and E[T1] < oco. The quantities {7;}32, are the interarrival times, while T is the initial
waiting time. The process Ty, Ty + 11, Ty + 11 + 15, ... is then called a renewal process. With
such a renewal process there is associated a binary renewal sequence that is a 0, 1-sequence
in which the 1’s occur exactly at the renewal epochs Ty, Ty + 11, To + 11 + 1o, etc. We
consider renewal sequences that start with a “1”. The minimax redundancy, R}, of the
renewal process was studied by Csiszdr and Shields [79], who proved that R} = ©(y/n).

By Shtarkov’s method discussed in Section 8.7.2 we conclude that the minimax redun-
dancy R} (Ry) is within one from

R, :=log, (Z sup P(w?))

n
Ty

(i.e., R, < RX(Rp) < R], 4+ 1). Instead of working with R!, we estimate another quantity,
R, that is within O(logn) from R}, that is, R,, = R}, + O(logn). In [152] it is argued that
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R,, is the minimax redundancy of (non-stationary) renewal sequences that starts with “1”.

Let now
ry = 28

In [152] it is shown that 7, can be represented by the following combinatorial sum.

Lemma 9.6 The quantity r, = 2% admits the combinatorial form
n
'n = Z Tn,k
k=0

B k ko\™  (kp_1\™ 0
e = D <ko---kn1> <?> < k >

P(n,k)

where P(n,k) denotes the set of partitions of n into k summands, that is, the collection of

tuples of nonnegative integers (ko, k1, ...,kn—1) satisfying
n = ko+2k +---+nk,_1, (9.54)
k = ko+ki+--+kp (9.55)

for alln >0 and k <n.

It can also be observed that the quantity r, has an intrinsic meaning. Let W, denote the
set of all n" sequences of length n over the alphabet {0,...,n — 1}. For a sequence w, take
k; to be the number of letters j in w. Then each sequence w carries a “maximum likelihood
probability”, 7asr(w): this is the probability that w gets assigned in the memoryless model
that makes it most likely. The quantity r, is then

Tn = Z 7TML(U}).
wEW,

Our goal is to asymptotically estimate 7, through asymptotics of r, ;. A difficulty of
finding such asymptotics stems from the factor k!/k* present in the definition of Tn k- We
circumvent this problem by analyzing a related pair of sequences, s, and s,, ;, that are defined

as
n
Sn = Z Sn,k
ke ke (9.56)

k Z klg 1
Sn,k — 67 _' AP
P(n.k) kol K

nfl!

The translation from s, to r, is most conveniently expressed in probabilistic terms. Introduce
the random variable K, whose probability distribution is s,, /sy, that is,

ot PHEK, =k} = 22k (9.57)

Sn



387 Mellin Transform and Its Applications

where w,, denotes the distribution. Then Stirling’s formula yields

n
Tn Tnk Sn.k K, —K
o= Y ImkInk _ g(K,) UK K e K
D D) il LA

1

— E[V27K,] + O(E[K, ?)). (9.58)

1
Thus the problem of finding 7, reduces to asymptotic evaluations of s,,, E[v/K,] and E[K,, ?].
The heart of the matter is the following lemma, which provides the necessary estimates. The
somewhat delicate proof of Lemma 9.7 constitutes the core of the section and it is deferred
until the end of it.

Lemma 9.7 Let u, = E[K,] and 02 = Var|K,,], where K,, has the distribution w,, defined
above in (9.57). The following holds

Sp ~ €xp

7 N\

2/en — glogn +d+ 0(1)) , (9.59)

Hn = i\/glog% + 0(\/5)7 (9'60)
02 = O(nlogn) = o(u?), (9.61)

where ¢ =26 —1, d= —log2 — %logc— %logw.

Once the estimates of Lemma 9.7 are granted, the moments of order :l:% of K, follow by a
standard argument based on concentration of the distribution w,, as discussed in Chapter 5.

Lemma 9.8 For large n

EVE = u/2(1+0(1) (9.62)
E[K. ] = o(l), (9.63)

where p, = E[K,].

Proof. We only prove (9.62) since (9.63) is obtained in a similar manner. The upper bound
E[VK,] < VE[K,] follows by Jensen’s inequality (2.9) and the concavity of the function
v/z. The lower bound follows from concentration of the distribution. Chebyshev’s inequality
(2.7) and (9.61) of Lemma 9.7 entail, for any arbitrarily small € > 0,

Var[K,| 6(n)
2

Pr{’Kn - Mn’ > EI’LTZ} S EQM% - c
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where 6(n) — 0 as n — oco. Then

BV > Y VEPHE, 2 )
k>(1—e)pun
> (1—e)2pu?Pr{K, > (1 - &)}
> (1-e) (1 - @) .

Hence for any n > 0 one has
E[VK,] > m/*(1 =)
provided n is large enough. This completes the proof. |
In summary, 7, and s,, are related by
rn = saB[V2rK,](1+o(1))
= s/ 2mpn (1 4+ 0(1)),

by virtue of (9.58) and Lemma 9.8. This leads to

1
R, = logyr, =logys, + 5 logy pin, + logs V27 + o(1) (9.64)
2 2 5 1
= oo <E - 1> ~3 logyn + 3 logy logn + O(1). (9.65)

To complete the proof of our main result (9.64) we need to prove Lemma 9.7, which is

discussed next. Let N
— k —k _k
5(2) = Z He 2,

k=0

which by the Lagrange inversion formula is equal to

1

B(z) = T T(ze )’

where T'(z) is the tree function discussed in Section 7.3.2 (e.g., see (7.31)). As a matter of

fact, B(z) = B(ze™!), where B(z) is defined in (7.35).
The quantities s, and s, ; of (9.56) have generating functions

Sn(u) = Z Sn,kuka S(zvu) = Z Sn(u)zn
k=0 n=0
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Then since equation (9.66) involves convolutions of sequences of the form k¥ /k!, we have

hot-+kn—1 ko EFn—1

o Lko+2k1 - u !
€ k‘o' k‘n,ﬂ

= [[B("w). (9.66)
=1

S(z,u) = Z
P(n,k)

We also need access to the first moment p, = E[K,] and the second factorial moment
E[K, (K, —1)]. They are obtained as

s, = [2"]59(z,1),

_ ["]Su(z: 1)
SNFOTTERR

_ [FMSw(z 1)
E[K,(K,-1)] = TS

where S (z,1) and S]], (z, 1) represent the first and the second derivative of S(z,u) at u = 1.
We deal here with s, that is accessible through its generating function

S(z,1) = [[ B(z"). (9.67)
=1

The behavior of the generating function S(z,1) as z — 1 is an essential ingredient of the
analysis. We know that the singularity of the tree function T(z) at z = ¢! is of the square-
root type as discussed in Example 8.10 of Chapter 8 (cf. also [73]). Hence, near z = 1, (%)
admits the singular expansion (cf. Example 8.10 of Chapter 8 or (8.160))

1 1 V2
m"f’g—ﬂm-i-O(l—z).

B(z) =
We now turn to the infinite product asymptotics as z — 17, with z real. Let L(z) =
log S(z,1) and z = e, so that

L(e™) = i log 3(e™*). (9.68)
k=1

The Mellin transform technique discussed in this chapter provides an expansion for L(e™?)
around t = 0 (or equivalently z = 1) since the sum (9.68) is a harmonic sum paradigm
discussed in this chapter. The Mellin transform L*(s) = M[L(e™");s] of L(e™!) computed
by the harmonic sum formula for R(s) € (1,00) is



390 Mellin Transform and Its Applications

where

As) = /0 " log Bl dt.

Now by the direct mapping Theorem 9.3 the expansion of 3(z) at z = 1 implies
_t 1 1
log B(e ):—§logt—§10g2+0(\/2),

so that, collecting local expansions,

o=l o1

s—1 s

On the other hand, classical expansion of the zeta function gives (cf. [2, 424])

1
—i—fy] + [———slog\/%r]
s=1 2

()= |55 _

Termwise multiplication then provides the singular expansion of L*(s):

« \_ [AQD) 1 log
L(S)A[5_1:|sl+[ 452 4ds :|SO.

An application of the reverse mapping Theorem 9.2 allows us to come back to the original

function

A1 1 1
Le™) = ¥ +7 logt — 1 log m + O(V1), (9.69)
which (after using z = 1 — ¢ + O(¢?)) translates into
Al 1 1 1
L(z) = 1(—) +7log(1—2) — Jlogm — SA(1) + O(V1-=2). (9.70)
—z

This computation is finally completed by the evaluation of ¢ := A(1):

c= A1) = _/Ollogu—T(x/e))df

= - /1 log(1 — t)@dt (z = te!™)
0
2
1

6

In summary, we just proved that as z — 1~

=

S(z,1) = M@ = a1 - 2)

exp (1fz> (14 0(1), 9.71)
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where a = exp(—1logm — 3¢). So far, the main estimate (9.71) has been established as z
tends to 1 from the left, by real values, but by Theorem 9.4 we know that it is true for
complex t only constrained in such a way that —%5 +e < arg(t) < § — ¢, for any € > 0. Thus,
the expansion (9.71) actually holds true as z — 1 in a sector, say, |arg(l — z)| < 7.

It remains to collect the information gathered on S(z,1) and recover s, = [2"]S(z,1)
asymptotically. The inversion is provided by the Cauchy coefficient formula.

We shall use the following lemma.

Lemma 9.9 For positive A > 0, and reals B and C, define f(z) = fa,pc(z) as

1;)) . 9.72)

Then the nth Taylor coefficient of fa p.c(2) satisfies asymptotically, for large n,

[2"1faBo(z) = exp <2\/% + % <B — ;) log n + C'log log \/g
_% log (4W€—A/\/Z)) (14 0(1)). (9.73)

f(z) =exp (i—l—Blog !
1—-=2 1

—Z

1
+ C'log (— log
z

Proof. Problems of this kind have been considered by Wright [451] and others who, in
particular, justify in detail that the saddle point method works in similar contexts. Therefore
we merely outline the proof here. The starting point (see Table 8.4 in Section 8.4) is Cauchy’s
formula

1) = 5 f MO,

2
where
h(z) =log fa,B,c(z) — (n+1)log 2.

In accordance with (SP1) of Table 8.4 one chooses a saddle point contour that is a circle of
radius 7 defined by h/(r) = 0. Asymptotically, one finds

Y e S,
r= - 5 o(n™"),
n n n 1
h(r) = 2A\/g+ Blog (\/%) + C'loglog (\/%) + §A +o(1).

The “range” 6 = d(n) of the saddle point, where most of the contribution of the contour
integral is concentrated asymptotically, is dictated by the order of growth of derivatives (cf.
(SP2) of Table 8.4). Here, h'(r) ~ n3/2, while h"(r) ~ n?, so that

and

§(n) = n=3/4,
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In accordance with requirement (SP3) of Table 8.4, tails are negligible since the function
exp((1 — 2)7!) decays very fast when going away from the real axis. In the central region,
the local approximation (SP4) applies, as seen by expansions near z = 1. Thus requirements
(SP1), (SP2), (SP3), and (SP4) of Table 8.4 are satisfied, implying, by (SP5) of Table 8.4

1

2N (2) = ———e
) = s

Some simple algebra, using

R (14 0(1)).

h"(r) = 2ny/n/A (14 0o(1)),
yields the stated estimate (9.73). [

Now, the function S(z,1) is only known to behave like f(z) of Lemma 9.9 in the vicinity
of 1. In order to adapt the proof of Lemma 9.9 and legitimate the use of the resulting formula,
we need to prove that S(z,1) decays fast away from the real axis. This somewhat technical
Lemma 9.10 below is proved in [152] and we omit here its derivation.

Lemma 9.10 (Concentration property) Consider the ratio

o) =[] |22
j=1

B(1z7)

Then there exists a constant co > 0 such that
q(re’?)y =0 (eiCO(l*T)_l) ;

uniformly, for 5 <r <1 and |arg(re® —1)| >

PR

We are now finally ready to return to the estimate of s, in Lemma 9.7. In the region
|arg(z — 1)| < %, the Mellin asymptotic estimates (9.69) and (9.71) apply. This shows that
in this region,

S(z,1) =e"Vfapelz)  (2—1),

where the function f is that of Lemma 9.9 and the constants A, B, C' have the values assigned

by (9.71):
2
us 1

——1, B=——, C=0.
6 ’ 4’

In the complementary region, |arg(z — 1)| > %, the function S(z,1) is exponentially
smaller than S(|z|,1) by Lemma 9.10. From these two facts, the saddle point estimates of
Lemma 9.9 are seen to apply, by a trivial modification of the proof of that lemma. This

concludes the proof of Equation (9.59) in Lemma 9.7.

A=c
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It remains to complete the evaluation of y,, and o2, following the same principles as before.
Start with u,, = E[K,], with the goal of establishing the evaluation (9.60) of Lemma 9.7. It
is necessary to estimate [2"]S](z, 1), with

B'(2")
p(a*)

Sl (2,1) = S(z,1) Z P
k=0

Let

- k B'(z)
Dq(2) = Z a(Z"), where alz) =z .
Via the substitution z = ™, the function D;(e™?) falls under the harmonic sum so that its
Mellin transform is

M[D1(e7"); 8] = ((s)Ma(e™); ).

The asymptotic expansion

gives the singular expansion of the corresponding Mellin transform. This in turn yields the
singular expansion of M[Dj(e"!);s]. Then the reverse mapping Theorem 9.2 gives back
D(e7t) at t ~ 0; hence,

11 11y 1VXG) 1 1
P + < - = — —log
21—z 1—2 21—2 6+/1—2z 4 1—=2

where v = 0.577... is the Euler constant. The combination of this last estimate and the
main asymptotic form of S(z,1) in (9.71) yields
=)
1—-2z)’

where a is the same constant as in (9.71). As for S(z, 1), the derivative S,(z,1) is amenable
to Lemma 9.9, and this proves the asymptotic form of pu,, as stated in (9.60) of Lemma 9.7.

Finally, we need to justify (9.61), which represents a bound on the variance of K,,. The
computations follow the same steps as above, so we only sketch them briefly. One needs to
estimate a second derivative,

+ O(1),

1 3
S (2,1) ~ 5@ exXp (L + - log + log log

1—-2z 4 1—2z

quéif’l;) — Dy(2) + D3(2),

where

S ) <zkﬁ'<zk>>2
D)= 2, = G~ \ ey )
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The sum above is again a harmonic sum that is amenable to Mellin analysis, with the result

that (@ )
Do(z) = 22 ——— 4+ 0((1 — 2)7%/?).
2(2) = S g O =)
Then we appeal again to Lemma 9.9 to achieve the transfer to coefficients. Somewhat tedious
calculations (that were assisted by the computer algebra system MAPLE) show that the
leading term in nlog?n of the second moment cancels with the square of the mean .
Hence, the variance cannot be larger than O(nlogn). This establishes the second moment
estimate (9.61) of Lemma 9.7.
In summary, we proved that R, (hence also the minimax redundancy R}, which is within
O(logn) from R,) attains the following asymptotics

2 2 5 1

as n — OQ.

9.5 Extensions and Exercises

9.1 Prove Entry 13 of Table 9.1.

9.2 Prove that
& ,
- z?
M [e r —Z(—l)kﬁ;s] =T(s)
for —k —1 < R(s) < —k. What is the Mellin transform of e™* — 2, if it exists.

9.3 A (Louchard, Szpankowski, and Tang, 1999) Prove the following result.

Lemma 9.11 Let {f,}>2, be a sequence of real numbers. Suppose that its Poisson

generating function 15(2') =30 fnzn—y!le*Z is an entire function. Furthermore, let its

Mellin transform F(s) have the following factorization: F(s) = M[F(z);s] = I'(s)y(s),

and assume F(s) exists for R(s) € (=2, —1), while y(s) is analytic for R(s) € (—oo0, —1).
Then

n

y(=n)=3

k=0

(Z)(—l)kfk, for n>2.



395 Mellin Transform and Its Applications

9.4 A Define
ekx
flx) = —
=1 (eFr —1)
(-1
g(z) = T hr 1
l; k (ekx —1)
1
h(z) = _ .
kzz:l k (62k7rx _ 1)
Prove the following identities:
1 2 2
142 Z e = 2 Z e T/ Jacobi’s ¥-function,
n>1 \/E \/E n>1
172 1 1 4n?  [(4n? ,
flz) = 26 + 21 ?f <7> Ramanujan [45],
2 log2 272
g(x) = 17;—30 - og + ;—4 -9 (%) Ramanujan [45],
T (1 log 1 . .
M) = —(——z|+ +h{- Dedekind and Ramanujan [45].
12 \x 2 x

The latter three identities play a role in the analysis of the variance for some parameters
of tries (cf. [243, 250, 251, 253]).

9.5 Consider the following functional equation
flx)=2f(z/2)+1—-(1+=x)e *  x>0.
Prove that for arbitrary positive M and x — oo
1
flz)==x <@ + G(log, :c)) —1+0(z™M),

where
1

- log? 2

G(z) > k(=14 2mik/ log 2) exp(—2mikz)

k40
is a periodic function with period 1 and amplitude smaller than 1.6 - 1076,
9.6 Derive the following asymptotic expansion

logy n

3 2k (1 —(1- 2"“)”) =n(2—Cy)—2— %CQ +0(1/logn)
k=1
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where
o0
c, = 22_16_21,
1=0
o
Cy = 22l6_2l
1=0

are constants.

Hint. Do not use the mellin transform.

9.7 Using the generalized Euler-Maclaurin formula discussed in Example 4, analyze asymp-

totically
Fl(x) = Z 67\/%7
n>1
Fy(z) = Z 2
1 1 —|— n2z

9.8 Prove that under suitable conditions (state them!)
o o
D ()" () ~ Y (1= 27 (= B )a™
n=1 k=0
where as in Example 4 we assume that

(o]
= Z k. z — 0,
k=0

where —1 < fop < 1 < ---.

9.9 Generalize formula (9.37), that is, find an asymptotic expansion for

x) = Z log™ nf(nx)

n>1
for m > 1.

9.10 Develop an asymptotic formula for

o0

Z (=1)"f(nz)logn.

n=1
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Using this formula establish an asymptotic expansion of the sum from the introduction,
namely,

(—1)"76""% log k

hE

H(z) =

k=1

for z — 0.

9.11 Consider the function ¢(z) defined in Example 2, that is,
o . .
o(z) =TT (1= ealz2))e=')
j=0

where eg(z) =1+ Zl—l. +- %C!l. Prove that for all z € Sp with z # 0 and 0] < 7/2 we
have uniformly |p(z)| < A for some constant A > 0.

9.12 Prove that

oo

Flz) =3 (1-(1-27%")

k=1

attains the following asymptotics for x — oo:

R .
F(x) ~ logy x 4+ log2 2 +]z::1Pj(log2x)x 7

where P; is a periodic function of period 1.

9.13 Analyze asymptotically

2n
Z(—l)’%/%(n B k)

k>0

9.14 ALet P, be the number of integer partitions. In Example 5 we proved that its ordinary
generating function is

P(z) = ﬁ(l — M7
k=1

Show that
P exp(my/2n/3)
" 4\/§n ’

Hint. The following steps are advised:
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1. Define .
F(t) =logP(e™") = Z log(1 — e*)~1,
k=1
and then prove that the Mellin transform F*(s) of F(t) is
F*(s) = ((s)C(s + 1)I'(s).
2. Using the reverse mapping Theorem 9.2 prove that

L [t ¢
th)m'6¥'+10g 5% —’51, t—»O,

e~ /12 2
P(z) = o) exp (6(1 — z)) (1+0(1—=2)).

3. Use the saddle point method (as described in Table 8.4 or in Lemma 9.9) to
establish the result.

which yields

9.15 ALet @y, be the number of integer partitions in distinct parts. Prove that its generating

function 1is
[o@)

Q(z) = [[(1+25),

k=1

exp(my/n/3)
@n ~ 431/4p3/4

and then establish

9.16 A (Andrews, 1984) Let

o0 [e.e]
G(z) = H (I=z2""" =1+ Z rnz",
n=1 n=1
where a,, > 0 such that its Dirichlet series D(s) = 3,51 % is convergent for R(s) > a

and

D(s) = { A } .
§— Uls=a
Furthermore, assume that D(s) is continuable to the left and of moderate growth;
that is, D(s) = O(|S(s)|¢) for some constant c. Let z = e~! and we assume that for
arg(t) > m/4.
R(G(e™)) — G(e™™) < —CoR(1)

for sufficiently small R(¢) and arbitrarily small € > 0. Generalize the approach presented
in Exercise 14 to prove the following lemma due to G. Meinardus (cf. [13]).
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Lemma 9.12 (Meinardus) With the notations as above, the following holds

T ~ Cn™exp (na/(l—i-a)(l +1/a) (AT (o + 1)¢ (o + 1))1/(1+a)) ’

where
eD'(0) (AD(a + 1)¢ (o + 1))(1—2D(0))/(2+2a)
¢ = 271 + ) ’
A D) —1—«/2
14+«
as n — oo.

9.17 A Consider a trie built over n binary strings generated independently by a memoryless

9.18

source. Let p and ¢ = 1 — p denote the probability of generating “1” and “0”, respec-
tively. In this exercise we are interested in finding the limiting distribution of the fill-up
level F,, (see Section 1.1), that is, the maximal level, where the tree is still full (in other
words, the tree contains all nodes up to level F,). Let f¥ = Pr{F, > k}. Verify that it
satisfies the following recurrence for all m > 0 and k > 0

f/’f-l-l _ Z (Z pig" Zfz‘kf?]-f—i
=0

with f) =0 and f2 =1 for n > 1. Find asymptotics of f¥ for all possible ranges of n
and k. In particular, prove the result of Pittel [338] asserting that

Pr{F,=k, or F=k,+1}=1—-0(1), n— oo,

where k,, = [logg n — logg logg logn + o(1)] and Q! = min{p,1 —p}.

W Consider the same trie as in Exercise 17 above. Consider now the shortest path s,

(see Section 1.1). Let r¥ = Pr{s,, > k}. Verify that it satisfies the following recurrence
forn>0and k>0

n

k+1 N\ i n—i k. k

T”+ - Z <,L'>pzqn Zri Tn— — 5”115]970
i=0

with 7§ =1 for n > 0. In the above §; ; is the Kronecker delta (i.e., d;; = 1 for i = j
and zero otherwise). Find asymptotics of r¥ for all possible ranges of n and k.
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9.19 A (Jacquet and Szpankowski, 1994) Prove that the limiting distribution of the typical
depth in a suffix tree built from n independently generated binary sequences is normal.

More precisely: For biased memoryless source (p # q) the limiting distribution of the
depth Dy, in a suffiz tree is

D,, —cilogn
Vs logn

where ¢c; = 1/h and co = (ha — h?)/h3 (as before, h is the entropy of the source and
ha = plog® p+ qlog® q).

— N(0,1),

9.20 AConsider the renewal sequences and define the two quantities R}, and R,,, as explained
in Section 9.4.2. To recall:

Ry, : = log, (ngpp(ﬂﬁ?f)),

7

R,: = logy (ZsupP(i?))
o @
1

where z7 is a stationary renewal sequence and z7 is a nonstationary renewal sequence
that starts with “1”. Prove that R, = R”,, + O(logn).

9.21 A Show that the Mellin transform f*(s) of f(x) in the strip of convergence can be
represented as the following Hankel integral

* 1 or 1
- —2)*"ldz,
/() 2¢8in TS Joo (2)(=2) -
where the contour starts at infinity on the the upper half-plane, encircles the origin,
and proceeds back to infinity in the lower half-plane.



Chapter 10

Analytic Poissonization and
Depoissonization

Summary: In combinatorics and the analysis of algorithms a Poisson version of a problem
(henceforth called Poisson model or poissonization) is often easier to solve than the original
one, which is usually known under the name Bernoulli model. Poissonization is a technique
that replaces the original input by a Poisson process. Poisson transform maps a sequence
characterizing the Bernoulli model into a generating function of a complex variable charac-
terizing the Poisson model. Once the problem is solved in the Poisson domain, one must
depoissonize it in order to translate the results back to the original (i.e., Bernoulli) model. A
large part of this chapter is devoted to various depoissonization results. As a matter of fact,
analytic depoissonization can be viewed as an asymptotic technique applied to generating
functions that are entire functions. We illustrate our analysis with numerous examples from
combinatorics and the analysis of algorithms and data structures. These applications are
among the most sophisticated that we discuss in this book.

OME ALGORITHMS (e.g., sorting and hashing) can be modeled by the “balls-and-urns”

paradigm in which n elements are placed randomly into m bins. Questions arise such
as how many urns are empty, how many balls are required to fill up all urns, and so forth.
It is easy to see that the occupancies of urns are not independent (e.g., if all balls fall into
one urn, then all the remaining urns are empty). To overcome this difficulty an interesting
probabilistic technique called poissonization was suggested (see Section 5.2). In this new
Poisson model it is assumed that balls are “generated” according to a Poisson process N
with mean n. Due to some unique properties of the Poisson process, discussed below, the
streams of balls are now placed independently in every urn, thus overcoming the above-
mentioned difficulty. Observe, however, that poissonization has its own problem since one
must “extract” the original results from the Poisson model, that is, depoissonize the Poisson

401
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model. Throughout this chapter we shall refer to the original model as the Bernoulli model.

More generally, let g, be a characteristic of the Bernoulli model of size n (e.g., g, is the
number of empty urns in the balls-and-urns model with n urns). The Poisson transform
is defined as n

G(=) = Blgn) = 3 guge
n>0
Observe that the input n becomes a Poisson variable N with mean z when z > 0. We later
extend z to the whole complex plane. The Poisson transform was introduced by Gonnet
and Munro [176] and extended in [343]. When z is complex, we also refer to it as analytic
poissonization.

To further motivate our discussion, let us consider the following scenario. We have already
seen in this book that many problems arising in the analysis of algorithms are mapped into
certain recurrence equations or functional/differential equations (e.g., Sections 7.6.1, 8.7.3,
and 9.4.1). Algorithms involved in splitting processes and digital trees are representative
examples of this situation. Embedding this splitting process into a Poisson process often leads
to more tractable functional/differential equations. Take the following general recurrence
describing a splitting process, already discussed in Section 7.6.1,

n n -
xn:an"i'ﬁz <k>pkqn k(xk"i_xnfk) 3 ??,22
k=0

with some initial values for x¢ and x1, where a, is a given sequence, and 3 > 0 is constant.
Let X(z) and A(z) be the exponential generating functions of z,, and a,, respectively. By
(7.17) of Table 7.3 we find

X(z) = X (2p)e*? + X (zq)e*? + A(z) — xo — 712.
To further simplify it, we consider the Poisson transform X (z) = X (z)e™7, and then
X(2) = 8X(2p) + BX (2q) + A(z) — mpe™% — 2127 . (10.1)

This is a linear additive functional equation that can be solved by consecutive iterations as
shown in (7.67) of Section 7.6.1. But after solving it and eventually finding an asymptotic
expansion of X (z), we still need a method to extract the coefficients .

In general, if the Poisson transform é(z) can be computed exactly, then one can ex-
tract the coefficient g, = n![2"](G(z)e?). This is called algebraic or exact depoissonization.
However, in most interesting situations (cf. Example 3) the Poisson transform G(z) satisfies
a functional/differential equation like (10.1) that usually cannot be solved exactly. Never-
theless, one can find an asymptotic expansion of é(z) for z — oo (e.g., using the Mellin
transform discussed in the last chapter) on the real axis and can bound C:'(z) in the complex

plane. Then one aims at finding an asymptotic expansion of g, from the asymptotics of G(z).
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This we shall call analytic depoissonization. In Chapter 8 we discussed several methods
to extract the coefficients g, asymptotically as n — oo, from an asymptotic expansion of its
generating function. In particular, the singularity analysis is designed to handle this situation
when the analytic function is of moderate growth. Analytic depoissonization can be viewed
as another asymptotic method, usually applied to functions of rapid growth.

Analytic depoissonization is well understood when the only singularities of the Poisson
transform G (z) are poles or algebraic singularities. In this case, one can apply either Cauchy’s
residue theorem or the singularities analysis (see Section 8.3.2). The reader is referred to
Gonnet and Munro [176], Poblete [341], and Poblete, Viola, and Munro [343] for such analyses.
A new situation arises when the Poisson transform G (z) is an entire function and consequently
does not have any singularity in the complex plane. In this case, one can rely only on partial
information regarding G(z) and apply the saddle point method (see Section 8.4) to extract
the asymptotics. This is exactly what we plan to do in this chapter.

Finally, one may ask why poissonization? Why not embed the Bernoulli model into
another process? This seems to be a consequence of certain unique properties of the Poisson
process that we briefly discuss below. In short, it is the only process that has stationary and
independent increments, and which has no group arrivals. To be a little more precise, let
us first define superposition and thinning or splitting processes of a renewal (point) process
(details on renewal processes can be found in Durrett [117] or Ross [369]). Consider two
(stationary) renewal processes, say N1 and No. Then the superposition process N = Nj+ Ny
consists of all renewal points of both processes. To define the splitting or thinning process,
take a single renewal process and for each point decide independently whether to omit it
(thinning) or to direct it to one of two (or more) outputs (splitting). The following three
properties are well known (cf. [369]), but the reader is asked to prove them in Exercise 1:
(P1) A stationary renewal process is the superposition of some independent renewal processes

only if the process is Poisson.

(P2) A thinning or splitting process is Poisson with parameter zp, where p is the probability
of thinning if the original process is Poisson with parameter z.

(P3) Let N(t) denote Poisson arriving points in the interval (0,¢). Then

Pr{N(z) = k | N(t) = n} = (Z) e/} (L~ 2/t)" Y,

where x < t. In other words, the points of Poisson process are uniformly and indepen-
dently distributed in (0,¢) conditioned on n arrivals in this interval.

The last property is sometimes called “random occurrence of the conditional Poisson process.”
This chapter discusses results obtained only recently that are still under vigorous inves-
tigations. Our goal is to present a readable account of poissonization and depoissonization.
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However, we also aspire to present rigorous derivations of depoissonization results so that
this chapter can be used as a reliable reference on depoissonization. All depoissonization
results presented in this chapter fall into the following general scheme: If the Poisson trans-
form has an appropriate growth in the complex plane, then an asymptotic expansion of the
sequence can be expressed in terms of the Poisson transform and its derivatives evaluated
on the real line. Not surprisingly, actual formulations of depoissonization results depend on
the nature of growth of the Poisson transform, and thus we have polynomial and exponential
depoissonization theorems. Normalization (e.g., as in the central limit theorem) introduces
another twist that led us to formulate the diagonal depoissonization theorems. We also have
a short account on the Dirichlet depoissonization recently introduced by Clement, Flajolet,
and Vallée (cf. [68]). In the application section we discuss the limiting distribution of the
time to find a leader using the leader election algorithm, and then we analyze the depth of
b-digital search trees for memoryless and Markovian sources. The latter application is one of
the most complex in this book.

To the best of our knowledge, poissonization was introduced by Marek Kac [226], who
half a century ago investigated the deviations between theoretical and empirical distributions.
Aldous [4] gave a heuristic probabilistic principle for depoissonizing small probabilities rather
than large expected values that is main focus of this chapter. Exact analytic depoissonization
results for meromorphic functions were discussed in Gonnet and Munro [175, 176] and
Poblete [341], and Poblete, Viola and Munro [343]. Asymptotic analytic depoissonization
for meromorphic function can be found in [176, 343] while depoissonization for entire functions
was initiated by Jacquet and Régnier, who analyzed the limiting distributions of the depth
and the size in tries [212, 213, 356]. Jacquet and Régnier introduced the basic idea of the
analytical depoissonization for an implicit solution of a nonlinear functional equation. Jacquet
and Szpankowski [217], and Rais et al. [350] extended these results and obtained the first
general and simple version of the depoissonization result. The presentation in this chapter
is based on two recent papers written together with my colleague P. Jacquet [218, 219]. We
report here only basic depoissonization results and some of its generalizations. We refer
the reader to Jacquet and Szpankowski [218] for more advanced depoissonization results.
Recently, poissonization was further popularized in the context of analysis of algorithms and
combinatorial structures by Aldous [4], Arratia and Tavaré [20], Clement, Flajolet, and Vallée
[68], Gonnet [175], Gonnet and Munro [176], Holst [199], Jacquet and Régnier [212, 213],
Jacquet and Szpankowski [214, 217, 218, 219], Janson and Szpankowski [223], Rais et al.
[350], Fill et al. [124], Kirschenhofer et al. [254], Poblete [341], and Poblete et al. [343].

Finally, we must observe that any depoissonization result is in fact a Tauberian theorem
for the Borel mean (cf. [188]), which is nothing else but the Poisson transform defined
above. For an accessible account on modern development of Tauberian theorems the reader
is referred to Bingham [50].
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10.1 Analytic Poissonization and the Poisson Transform

We briefly discuss the poissonization technique. First, we review probabilistic poissoniza-
tion, then discuss exact analytic poissonization, and finish this section with an overview of
asymptotic poissonization.

10.1.1 Poisson Transform

Consider a combinatorial structure in which n objects are randomly distributed into some
locations (e.g., one can think of n balls thrown into urns). The objects are not necessarily
uniformly distributed among the locations (cf. digital trees). We call such a setting the
Bernoulli model. Let X, be a characteristic of the model (e.g., the number of throws needed
to fill up all urns). Next, we define the Poisson model. Let N be a random variable distributed
according to a Poisson distribution with parameter z > 0, that is, Pr{N = k} = e 7?2 /k!
and let X be the above characteristic defined in the Poisson model in which the deterministic
input (i.e., n) is replaced by the Poisson variable N. Then by definition

n

X(Z) = E[XN] = ZE[XN ’ N = TL] e‘z%
n>0 '
_ ZE[XH]‘?_Z%T' (10.2)
n>0 )

We now analytically continue X (z) to the whole complex plane, and throughout we make
the following assumption:

(A) The sum in (10.2) converges absolutely for every z, that is, X (z) is an entire function
of the complex variable z.

This defines the Poisson transform X (z) for all complex z.

In general, we use g, as a generic notation for a sequence characterizing the Bernoulli
model (e.g., g, = E[X,] or, in general, g, = E[f(X,)] for some function f). By G(z) or
P(gn; z) we denote the Poisson transform defined formally as

~ " s
G(z) = P(gn; 2) := Zgnﬁe .

n>0

Table 10.1 presents some common Poisson transforms. Items 1-4 are obvious. Item 5 (the
additive (p, q)-splitting, where ¢ = 1 — p) and Item 6 (i.e., multiplicative (p,q)-splitting)
follow directly from (7.17) of Table 7.3, while Item 7 requires only trivial algebra (we return
to it in Section 10.3.1). A more complete list of Poisson transforms can be found in [343].
An astute reader should notice that for Items 1 and 2 of Table 10.1 g, ~ G(n) as n — oo
while this is not true for Items 3 and 4. In the latter case, the Poisson transform is either
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Table 10.1: Some Poisson Transforms

Ttem 9n G(2)
1 C C
2 nin—1)---(n—k+1) P
3 ar o=z
4 n! e
5 | Yoo (PP = )" (fr + gnr) | Flpz) +G((1 —p)2)
6 >0 (P (1 = )" frgn- F(zp)G((1 - p)2)
7 > k>0 ak(1— (1 —ag)™) > k>0 @k (1 —e77%)

of rapid growth (Item 3) or not an entire function (so assumption (A) is not satisfied). For
Items 1 and 2 the transforms are of a polynomial growth. This is not a coincidence, and in
this chapter we systematically explore the relationship between g, as n — oo and G(z) as
z — 0.

Example 10.1 Depth and Size of a Trie
Let us find the Poisson transform of the depth D,, for a trie built over n strings generated
by biased memoryless source. We define

Dyp(u) = B = i Pr{D, = k}u",
k=0

Dzw) = Y B
n=0 ’
D(z,u) = e *D(z,u).

We now derive a functional equation for 15(2, u) directly from the properties of tries and the
Poisson process (without going through a recurrence equation on D,,). We claim that

D(z,u) = u(pD(zp,u) + ¢D(2q,u)) + (1 — u)(1 + z)e >

To see this, we first observe that digital trees are recursive structures, so the Poisson transform
of the depth of the left subtree is D(zp, ) while for the right subtree it is D(zq, u) (by property
(P2) of the Poisson process). Since the subtrees are one level lower than the root, we have the
factor u. But when computing the depth we either go left (with probability p) or right (with
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probability ¢), but never both ways. Finally, we know that n = 0 and n = 1 are special cases
since for such n there is no left /right subtree recurrence. The probability of having n = 0 or
n = 1 in the Poisson model is equal to (1 + z)e™*. We must subtract from it u(1 + z)e™?,
which represents the subtree structures not accounted for in the recurrence. This establishes
the above functional equation.

In Exercise 2 the reader is asked to prove that the Poisson transform S (z,u) of the trie
size satisfies _ _ _

S(z,u) = uS(zp,u)S(zq,u) + (1 —u)(1 + 2)e”*

for |u|] < 1. O

10.1.2 Asymptotic Poissonization

In the previous section we computed the Poisson transform exactly. But there are sequences
(e.g., gn = logn and g, = n® for noninteger «) for which é(z) cannot be found in a closed
form. The natural approach then is to compute é(z) asymptotically. We search for the
asymptotics of G(z) as z — oo in a linear cone

Sp={z: |arg(z)| <0, 0< 0 <7/2},

around the positive real axis. One expects to find asymptotic expansion G (z) in the following
form
G(z) = > aiz'gP(2), z— oo,
1,720

where gU)(z) is the jth derivative of g(z) which is the analytic continuation of gy, if it exists;
that is, gn = 9(2)|2=n.

We first identify the coefficients a;; formally, and later derive an error bound. We proceed
as follows:

~ o'} e . 00 oM . o . n—z J
Gx) = Sgmmes =3 =y gz =2
n=0 n: n:OTL j=0 J:

= S a2, (103)

n=035=0

We would like to formally set

ang = ") e
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where 9/ represents formally g(j)(z). This seemingly strange substitution becomes more
familiar if we consider the following series

n, j - 722’/” - (n_z)j j - 722’/” y(n—z)
D2y = Y ety oy =) e
7,j>0 n=0 iz J n=0 v

= exp(z(e —1)—zy).

Thus formally we define the coefficients a;; as

i i aijz'y’ = exp(a(e? — 1) - ay), (10.4)

i=0 j=0

that is, a;; = [2'][y/] exp(z(e¥ — 1) — zy). Actually, a;; = 0 for j < 2i. To see this, let
f(x,y) = exp (x(e¥ — 1) — 2y). Observe that f(xy~2,y) is analytic at * = y = 0, hence the
Laurent series of f(z,y) possesses only terms like 2y’ =2 with nonnegative powers. These
nonzero coefficients a;; have j > 2i.

In view of this, we can write formally G(z) in short as

G(z) =exp(z(eV —1) — zy), where ¢/ =g (2).

This is a convenient way of expressing analytic poissonization.
In some applications we really want to have an expansion around w = Az, where X is
constant, so we extend a;; to a;;(\) defined as

> a(Na'y! = exp(Aa(e’ — 1) = Aay).
i=0 j=0

Observe that aij()\)~: )\iaij. The same derivation as above leads to the following symbolic
representation for G(z)

G(w) = exp (w(e¥ —1) —wy)  where 3/ = gl (w) (10.5)

and w = Az with A being a constant. In addition, we directly obtain derivatives of G(w) as

G®(w) = (¥ —1)* exp (w(e? —1) —wy)  where 3/ = ¢ (w) . (10.6)

So far we have used a formal series approach to find é(z) But we are really interested
in an asymptotic expansion of C:'(z) as z — 0o, thus we must derive an error bound. This
is not difficult. However, one must first bound derivatives of an analytic function, and this
is discussed next. This is of prime importance to the depoissonization results studied in the
next section.
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Lemma 10.1 Let 0y < w/2 and D > 0 be such that for all z € Sy, the function G(z) is
analytic in this cone and

|zl >D = |G(z)| < B|z° (10.7)
for some reals B and B > 0. Then for all 6§ < 6y there exist B’ > 0 and D' > D such that
for all positive integers k and z € Sy the following holds:

Izl >D = |GW(2)] < k(B)FP" . (10.8)

Proof. The proof follows directly from the Cauchy integral formula applied to derivatives.
Indeed, from Cauchy’s formula we know that

G (z) = % 74 7(,2?(2?5“ (10.9)

for z € B(z0,7) = {2 : |z — 20| < r} C Sp, assuming G(z) is analytic in B(zg,r) for some
r > 0. If |G(z)] < M for some M > 0, then clearly the above implies

1G®)(2)] < MElr—F (10.10)

for z € B(zp,r), which is a generalization of the Cauchy bound. To prove our lemma, we
place a circle of radius r = Q|z| for some ©Q > 0 at the closest corner of the cone Sy, to
the right of %(2) = D as shown in Figure 10.1. Setting M = B|z|® in (10.10) we prove
Lemma 10.1 with B’ = BQ~*. ]

Now we can formulate our main asymptotic poissonization result.

Theorem 10.2 (Jacquet and Szpankowski, 1999) Let g(z) be an analytic continuation
of g(n) = gn such that g(z) = O(2°) in a linear cone for some constant 3. Then for every
nonnegative integer m and complex w = Az for some constant \ the Poisson transform é(z)
as z — oo has the following representation

m i+m

Giz) = Y3 ay(N2'gW(w) + 0P~ (10.11)

i=0 j=0
m k
= gw) + D> aipri(N2g* T (w) + Oz,
k=1i=1
where o
a;j(A) = [z'][y] exp(Az(e¥ — 1) — Azy).
In particular, for A =1
YD aga'y! = exp(a(e? —1) —ay) (10.12)
=0 j=0

and a;; = 0 for j < 2i.
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A

q

Q|z

Figure 10.1: Illustration to Lemma 10.1.

Proof. In view of our previous discussion, it suffices to derive the error term. Using
Lemma 10.1 we observe that ¢\/)(z) = O(2°77) and using a;; = 0 for j < 2i we arrive
at the following error term

2m+1 )
> i1, (N) 2" gD (w) = O(F 1)
=0

as z — 00, since w = Az. This completes the proof. ]
Here are the first few terms of the expansion of G(z):

1 1 1 1
— . .,2 .. _ 2.2 (4)
G(z) g(z)—|—2zg (z)+6zg (z)+(24z+82>g (2)

L2y e (L 5 is)«s)
+ ( Z+ z)g (2) + 72Oz+144z +48,z 9" (2)

+ (50402+902 +48z>g (z) +



411 Analytic Poissonization and Depoissonization

If one wants the error term of order, say O(2%~%) (we assume g(z) = O(2%)), then we need
only one line of the above expansion plus selected terms from the second line, that is,

G(z) = g(z)+529%(2)+ ézg(g)(z) + <i z+ % 2 > gP(2)

—239(6) (z) + 0(2574).

Example 10.2 Poisson Transform of f, = log(n!)

Let us consider f, = log(n!). This sequence arises in the analysis of the entropy of the
binomial distribution (cf. Example 7 below). Noting that f(z) =logI'(z+1) = O(zlogz) =
O(2'%#), from Theorem 10.2 we obtain for any ¢ > 0

m i+m

F(z) = Z Z azg f(] (w) + O(z ﬁimil)

=0 j=0
= [)+ 520 + 22fO6) + (D) + 0T, m=2.

To find the derivatives of f(z) =logI'(z) = logz 4 logI'(2) we use the following expansions
as z — 0o:

(e 9]

1
f(z) ~ (z+§)lnz—z +m212m2m—1z2m T
k(L _yk=1(1. _ _
f(k)(z) N \Il(k’l)(z—kl):( 1)21£k1 2)!+( 1) (k22k1)!(2k: 1) for k> 2

2l+k—2)

Z 20+k—-1 7
=1 1 2z

where U(z) = L1logI'(z) is the psi function and B, are Bernoulli numbers (see Table 8.1).
a

10.2 Basic Depoissonization

We now consider a sequence g,, and its Poisson transform C:'(z) = P(gn, z). Throughout, we
assume that G (z) is an entire function. We first discuss exact or algebraic depoissonization in
which the coefficients g, are extracted exactly from its Poisson transform. Next, we focus on
asymptotic depoissonization, which is the main goal of this chapter. We again use Cauchy’s
formula to find

L[ G(2)e?
L
27 Zntl n"27

gn =

/ G(ne't) exp (neit) e Mtdt (10.13)
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All the asymptotic depoissonization results will follow from the above by a careful estimation
of the integral using the saddle point method (see Section 8.4). Here we present, and give a
simple proof of a basic asymptotic depoissonization result. Later in Section 10.3 we generalize
it.

10.2.1 Algebraic Depoissonization

The exact or algebraic depoissonization is based on the exact extraction of g, from its Poisson
transform, that is,

gn = nl[z"] (ezé(z)) .
In some cases this is quite simple. For example, applying directly Cauchy’s formula to
G(z) = e #/(1 — z) (see Item 4 in Table 10.1) we find n![z"] (eZG(z)) = nl, as required.
Example 3 below illustrates a more sophisticated case. The reader is referred to Gonnet and
Munro [176], Poblete, Viola, and Munro [343], and Hofri [197] for more interesting examples.

Example 10.3 Ball-and-Urn Model

Consider n balls (items) thrown randomly and uniformly into m urns (table of size m).
What is the probability that precisely k specified urns are empty? Under the Poisson model
the answer is immediate. Indeed, consider the Poisson process of balls with mean z. It is
split into m independent Poisson processes of mean z/m entering each of m urns. All these
processes are independent so that the probability Py(z) that exactly k specified urns are
empty in the Poisson model is obviously equal to

Pk(z) _ e—kz/m(l o e—z/m)m—kz _ e—z(ez/m N 1)m—kz.
To find the answer to the original problem, we depoissonize Py(z) exactly, yielding

Pr{number of empty urns =k} = nl[z"](e*Py(z)) = [z"] (n!(ez/m — l)m_k)

_ (m—k)! n
N mn m—k|’

where {}'} denote the Stirling numbers of the second kind. The last line follows from Entry 9
of Table 7.2. The above formula can be directly obtained from the Bernoulli model. However,
the derivation is much more troublesome. O

The situation encountered in Example 3 above is rare. We usually cannot invert exactly
the Poisson transform and we must resort to asymptotics. The rest of this chapter is devoted
to asymptotic depoissonization. We start with a basic depoissonization (Section 10.2.2),
then discuss in Section 10.3 some generalizations, and in Section 10.4 we deal with limiting
distributions through depoissonization.
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10.2.2 Asymptotic Depoissonization

Before we enter the realm of rigorous analysis, the reader should develop an intuition of how
depoissonization works. We first propose a heuristic derivation. We refer to the definition of
the Poisson transform, which we write as G(z) = E[gy], where N is a Poisson distributed
random variable with mean E[N] = n. Treating gy as a function of N (and denoting it as
g(N)), by Taylor’s expansion we have

9(N) = g(n) + (N —n)g/(n) + 50" (0)(N —n)” +

Taking the expectation we obtain

G(n) = G(2)].mn = Blg(N)] = g(n) + 59" (m + -

since E[N —n] = 0 and E[N — n]? = n. Solving the above for g(n) = g,, we find that

on ~ G(n) — %ng”(n) 4o = G(n) + O(ng’ (n)). (10.14)

Provided that
ng"(n) = o(g(n)), (10.15)

we expect to have g, ~ é(n) To emphasize this, consider the following examples:
e Let g(n) =nP. Then G(n) = n® + O(nf1), ¢"(n) = O(nf2), thus
gn = G(n) + O(ng"(n)) = G(n) + O(n""),
which is true, as already seen in Table 10.1. This is proved in Theorem 10.3.

e Consider now g(n) = a™. This time G(z) = e*(@~ D, ¢"(n) = o log? a, and it is not

true that g, ~ G(n), as observed in Section 10.1.

e Now we assume g, = e"’. In this case, it is harder to find the Poisson transform,
but an extension of Theorem 10.2 suggests that G(z) ~ e*". We also have ¢”(n) =

O(n%_Qe”B). Observe that
gn = G(n) +O(ng”(n)) = G(n) + O(n* ")
and the error is small as long as 0 < G < % This is proved rigorously in Theorem 10.8.

The above derivation is hard to make rigorous since it is difficult to control the growth of
the derivatives of a function while knowing only its behavior on the real axis. To circumvent



414  Analytic Poissonization and Depoissonization

this problem, we extend G(z) to the complex plane, where the growth of g(z) and G(z) are
easier to bound (Lemma 10.1).

Enriched by the above intuition, we now rigorously prove some depoissonization results.
We start with a basic depoissonization that holds for sequences having a Poisson transform of
polynomial growth. As a matter of fact, we have to put certain restrictions on the growth of
G(z) inside a cone Sy (called conditions (I)) and another bound on the growth of G(z) outside
the cone (called conditions (O)). The proof presented below will be modified throughout this
chapter to obtain further generalizations but its main ingredients remain the same. The
reader is advised to invest some time in studying the proof of Theorem 10.3 below.

Theorem 10.3 (Jacquet and Régnier, 1987; Jacquet and Szpankowski, 1998) Let G(z)
be the Poisson transform of a sequence g, that is assumed to be an entire function of z. We

postulate that in a linear cone Sy (0 < 7/2) the following two conditions simultaneously hold:
() For z € Sy and some reals B,R > 0,

2l >R = |G(2) <B|Z°, (10.16)
(O) Forz¢Spand A,a <1
|2l >R = |G(2)e*| < Aexp(alz]) . (10.17)

Then
gn = é(n) + O(n’g_l) (10.18)

for large n.

Proof. The proof relies on the evaluation of Cauchy’s formula (10.13) by the saddle point
method. By Stirling’s approximation n! = n"e~"v/27n(1 + O(1/n)); thus (10.13) becomes

gn = (1 + O(nil)) \/g/:; G(ne) exp (n (eit —1- zt)) dt
= (1+00™) (I + Bn),

where

I, = \/g/jg G(ne™) exp (n (eit -1- zt)) dt,
E, = \/g/tle - é(neit)exp (n (eit -1- zt)) dt

n"e” \/27Tn z)e?
= n+1 dz
ltielo,r] 2
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We estimate the above two integrals. We begin with the latter. Observe that by condition
(O) (cf. (10.17)), we obtain
| E, | < A9 —(1- a)n

where A’ depends only on A and R. Thus E,, decays exponentially to zero as n — oo, since
a <1

Now we turn our attention to the integral I,,, which is more intricate to handle. First, we
replace t by t//n to find that

I, \/_ /Gf € neit/‘/ﬁ) exp (n ((BW‘/H -1- zt/\/ﬁ)) dt . (10.19)
Let

hp(t) = exp (n (eit/\/ﬁ -1- zt/\/ﬁ)) .

We need to estimate h,(t) in the interval ¢ € [—04/n,6/n], and find the Taylor expansion
of it in a smaller interval, say for ¢t € [—logn,logn] (in order to apply Taylor’s expansion of
hy(t) around ¢ = 0). The latter restriction is necessary since f = O(1) for t € [—6+/n,0/n].

Thus we split the integral I, into two parts, I/, and I/, such that

é ne”/\ﬁ)exp< ( it 1 —zt/\/ﬁ)) dt

logn

V 27‘(‘ / logn

I =

I// — /
" V21 Jite[-0y/n,—logn]
1

é(neit/‘/ﬁ) exp (n (eit/‘/ﬁ —-1- zt/\/ﬁ)) dt

G(ne/V™) exp (n (eit/\/ﬁ —-1- zt/\/ﬁ)) dt +

V2 ~/t€ [log n,0+/n]

To estimate the second integral I’ we observe that |h,(t)] < e # for t € [—6\/n,0/n),
where p is a constant. By Lemma 8.16 (cf. (8.79)) and condition (I) we immediately see that
I" = O(nf e~ log? ), which decays faster than any polynomial.

Now we estimate I),. Observe first that for ¢ € [—logn,logn] we can apply the Taylor
expansion to obtain

hn (t) exp (n (eit/\/ﬁ —1- Zt/\/ﬁ))

ey it +i—£+o log? n
6y/n  24n  T2n ny/n
Furthermore, using (I) and Lemma 10.1 (with D' = (1 + Q)R and z € Sy for 6/ < 0) we

have |G’(2)| < B1|z|?~! and |G” ()| < Ba|2|?2, for some constants B; and By. Thus we can
expand G(nef/v™) around ¢ = 0 as follows

G(ne/V™) = G(n) + ity/nG' (n) + 2 A, (1),
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where
|An(t)] < (By + By)nf ™!

since for ¢ in the vicinity of zero
An(t) = ~G (neVRYGHINVE — G () Bt/

In summary, the integral I}, can be written as

o L/k’g" o122 (é(n)+é’(n)it\/ﬁ) 1—£+i—£ dt (10.20)
N 6y/n  24n  T2n .
1 logn
- —m/ AL b (1) (10.21)
—logn
L_L /k’g" e /2 (G(n) + G (n)ityn) O log”n) 4, (10.22)
\/27‘1’ —logn ' '

n/n

To complete the proof we must estimate the above three integrals. From Lemma 8.16 and
10.1 we see that the first integral is equal to G(n)+O(n®~1). Using our estimate on A,,(t) we
observe that the absolute value of the second integral is smaller than (B; + By)n®~!. Finally,
the last integral is O(nﬁfg log?n). All together the error is O(n®~!) and Theorem 10.3 is
proved. ]

Example 10.4 Conditions (O) and (I) violated.

Let g, = (—1)"; thus G(z) = e~2* and condition (I) is true for any £ and for any 6 < 7 /2.
But in this case the condition (O) outside the cone Sy does not hold because G(z)e* = el!
for arg(z) = w. Clearly, g, is not asymptotically equivalent to é(n)

If g, = (14 )" for t > 0, then G(z) = e'*. Condition (O) holds for some 6 such that
(1+t)cosf < 1. But condition (I) inside the cone Sy does not hold because G(z) does not

have a polynomial growth. As a matter of fact, g, is not asymptotically equivalent to G(n).
O

In some situations verifying condition (O) is quite troublesome. Fortunately, for some se-
quences having an analytic continuation of polynomial growth, condition (O) is automatically
satisfied, as shown below.

Theorem 10.4 (Jacquet and Szpankowski, 1999) Let g(z) be an analytic continuation
of g(n) = g, such that g(z) = O(2°) in a linear cone S,. Then for some 0y and for all linear
cones Sy (0 < 0y), there exist o <1 and A > 0 such that

¢Sy = |G(2)e?| < Ae®l?,

where G(z) is the Poisson transform of g.
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Proof: Let Sp, be the linear cone for which the polynomial bound over g(z) holds. Let also
g*(s) be the Laplace transform of the function g(x) of a real variable x, that is,

7= [ g mds

defined for R(s) > 0. It is well known (cf. [103]) that the inverse Laplace transform of g*(s)
exists in R(s) > 0 and one can write

1 d+ico
o@) =5 [ g ()erds
6

with 6 > 0. In addition, ¢g*(s) is absolutely integrable on the line of integration. Observe

now that the exponential generating function G(z) = G(z)e® of g(n) can be represented in
terms of g*(s) as follows

@ = Tomig=3 50 [ ool
1 d+ioco . St N 1 d+ioco

= — e —ds = — *(s)e ) ds,

i e OV e s = o [t exp (e s

where the interchange of the integral and the summation is justified since both converge
absolutely in their domains of definition. Thus the Poisson transform G(z) becomes

é z 1 Oico * eszd
= 10.23
(e = 5= [ g(s)e s (10.23)
for § > 0.

To take advantage of the above formula, we need an extension of the Laplace transform
of a real variable to a complex variable, as we did in Section 9.3 for the Mellin transform.
This fact is rather well known (e.g., [103, 219]), however, the reader is asked in Exercise 6 to
derive such an extension. In particular, this exercise asks to show that if g(z) is an analytic
continuation of g(x) in a cone Sy, where 6 < 6, then the inverse Laplace g*(s) of the function
g(2) (of complex z) exists in a bigger cone Sy /o for all 0 < Oy provided g(z) = O(z”) in the
cone Sy, (i.e., g(z) is of polynomial growth).

In view of this we can write (10.23) as

~ 1 s
G(z)e? —/ g (s)e® “ds, (10.24)

- 2mi

£

where L. is a piece-linear curve that parallels the boundary of the cone Sy, -/, at distance e.
That is, in s = x + 7y coordinates, the curve L. can be described as

y = sign(y) tan(w/2 + 0)(x — ¢),
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Figure 10.2: Image of £, with € = 0.1 by e®.

where sign(y) is the sign function (i.e., equal to 1 when y > 0 and —1 otherwise). We
also define £y as a curve obtained from L. as ¢ — 0, that is, having the description y =
sign(y)x tan(m/2 + 0).

Using (10.24), we can now upper bound G(z)e as follows

GEE| < 5 [l espre=)ds < 5 [ 1) exp (Rere)l=l) ds, (1025
2 Jr. 2m Jr.

since for z ¢ Sy we have cos(arg z) < cos for |f| < w/2. To complete the proof, we must
show that R(e*e) < a for some a < 1 and all s € L.. If this is true, we immediately obtain
|G(2)e?| < Ae®l for a < 1, where A = = S |97 (s)|ds < o0.

We concentrate now on showing that R(e®e””) < a < 1. We study the image Z. of
L. under the function e®, which is plotted in Figure 10.2. (In fact, in Figure 10.2 we as-
sume 0 = 7/6, and Z. with ¢ = 0.1 has the following parametric description: (exp(—t/2 +
0.1) cos(+£t), exp(—t/2+40.1)sin(%t)).) When € — 0, this image tends to the image Zy of Lo.
Observe that 7y is contained in the unit disk, and Zy touches the unit circle only at s = 0.
We rewrite (10.24) as

- 1 A
G(z)e* = —/ g*(s) exple®e’ 83 |2||ds
Le

©2mi

to see that the image Z. of L. is rotated by the angle arg(z). Let us now fix an arbitrary
0 < 6 < 6y, and consider for a moment only the image Zy of Ly. Observe that if one rotates
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Figure 10.3: The linear cone Sy and the increasing domains D,,.

the image Zy by a non zero argument, then the new image has the real part strictly less
than 1. In fact, the real part will be smaller than 1 — O(#?). Finally, considering the image
I, of L., we can easily choose € so that the real part of the rotated images of £. remains
smaller than some « such that 1 — O(6?) < a < 1 for all arguments greater than 6. Thus,
R(e*e?) < a < 1, which completes the proof. ]

Before we illustrate the above theorem (see Example 7 below), we provide another ap-
proach to establish condition (O) that is useful when dealing with Poisson transforms ex-
pressed as linear functional equations. In this case conditions (I) and (O) can be verified
relatively easily by applying mathematical induction over the increasing domains, which
we define next.

Lee us consider the following general functional equation

G(2) = 1(2)G(zp) + 12(2)G(2q) + (2), (10.26)
where v1(2), 72(2), and t(z) are functions of z such that the above equation has a solution.
The reader is referred to Fayolle et al. [119] (cf. also [379]) for conditions on these functions
under which a solution of (10.26) exists. We further assume that p + ¢ = 1, but in fact zp
and zq could be replaced by more general functions that form a semigroup of substitutions
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under the operation of composition of functions. We recall that we analyzed a simple version
of (10.26) in Section 7.6.1.

Let us define, for integers m = 0,1,..., and a constant A such that 0 < max{p,q} <
A~ < 1, a sequence of increasing domains (cf. Figure 10.3) D,, as

m={z1 €0 < 2] <A}
for some constant £ > 0 and 6 < min{p, q}. Observe that
2 € Dypy1 — D = pz, qz € Dy . (10.27)

The last property is crucial for applying mathematical induction over m in order to establish
appropriate bounds on G(z) over the whole complex plane.

Theorem 10.5 Consider the following functional equation (withp+q=1)

G(2) = m(2)G(=p) +72(2)C(zq) + t(2)

that is postulated to have an entire solution. Let for some positive 3, 0 < 0 < /2 and
0 <n <1 the following conditions hold for |z| > &:

(I) For z € Sy

M(2)p? + In(2)ld® < 1-n, (10.28)
t(z)] < Bnl#?; (10.29)

(O) For z ¢ Sy and for some o < 1 the following three inequalities are true

™) < el (10.30)
1
()™ < e, (10.31)
1
t(z)]e®®) < S ozl (10.32)
Then N
gn = G(n) + O(nP~1), (10.33)

where g, = [2"] (n!ezé(z)).
Proof. We apply Theorem 10.3. For this, we need to establish the following bounds

1G(2)| < B|z|° (10.34)
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for z € Sy, and _
|G(2)e?| < B'e?V! (10.35)

for z ¢ Sy with a < 1, where B, B’ > 0 are constants. It suffices to prove that under
(10.28), (10.29), and (10.30)—(10.32) the above two conditions hold. We start with the proof
of (10.34). We apply induction over the increasing domains D,, (Figure 10.3). Let us first
consider z € Syp. Define f)m = D,, N Sy. We take B large enough such that for m = 0 the
above inequalities hold for |z| < &. Let us now assume that inequality (10.34) is satisfied in
D, and we prove that it also holds in a larger region, namely D41, thus proving (10.34)
in Sp. For this it suffices to consider z € f)mﬂ — Dy By (10.27) we have zp, zq € D,,, and
we can invoke our induction hypothesis. Hence, taking into account (10.28) and (10.29) we
conclude from equation (10.26) that

< @NGED)| + he()|G(za)] +[t(2)]
< Bm()ll21°" + Blna(2)ll21°¢” + t(2)] |
< B(L-n)lz)’ + Bylz|’ = Bl2|”,

G (2)|

which is the desired bound.

Now assume that z ¢ Sy and we aim at proving (10.35). We first observe that |e*| =
eR2) < el where a@ > cos® > cos(arg(z)) The induction over the increasing domains
can be applied as before, however, this time we consider D,, = D,, N Sy, where Sy is the
complementary set to Sy. Observe that

G| < MmEICED ) + ()G Eg)e || + i) |
By ()] Pet™E) 1 By (2)]e 1R 1 [1(2)]eR)

! o|z
Be?l,

ININ TN

where the last inequality follows from (10.30)-(10.32) and R(z) = |z| cos(arg(z)) < |z|cosd <
az|. This completes the proof. n

Example 10.5 Conflict Resolution Algorithm

We consider here a conflict resolution algorithm. While its description can be found
in Capetenakis [65] and Tsybakov and Mikhailiov [426], we provide here a brief review of
the interval searching algorithm. The access to a slotted broadcast channel is controlled by a
window based mechanism that works as follows: This window will be referred to as the enabled
interval (EI). Let S; denote the starting point for the ith EI, and ¢; is the corresponding
starting point for the conflict resolution interval (CRI), where CRI represents the number
of slots needed to resolve a collision. Roughly speaking, at each step of the algorithm, we
compute the endpoints of the EI based on the outcome of the channel. The parameters of
interest are: the length of the conflict resolution interval T;,, the fraction of resolved interval
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W, and the number of resolved packets C,,. For example, the Poisson transform C (z) of C),
satisfies

C(z) = (14 (1 +2/2)e7*/%) C(2/2) .

Indeed, if there is at most one packet in the first half of EI — which happens with probability
(1 + z/2)e™*/? in the Poisson model — then we explore the second half of the interval
represented by C(z/2). Otherwise, we explore the first half of the interval, and thus the
first term in the above equation. This equation is of the form of (10.26), and thus falls
under Theorem 10.5. Jacquet and Szpankowski [214] proved that for large z € Sy the above
equation admits asymptotically the following solution (cf. [214])

C(z) = D+ P(log z) + O(1/2), (10.36)

where

1 <  ge Tlogx 1
D= d —log2 | =~ 2.505
xp <log2/0 1+ (14+xz)e ™ :1:—1—2 8 ) ’

and P(log z) is our familiar fluctuating function with a small amplitude. This can be estab-
lished by the method discussed in Chapter 9 and the reader is asked to prove it in Exercise 5.
To depoissonize the solution, one must check conditions (I) and (O) of Theorem 10.3. But
C(z) = O(1) in a cone Sy, thus we need only verify (O) outside the cone Sy. By Theorem
10.5 (e.g., see (10.30)) we need to show the existence of & such that for |z| > £ the following
holds

(14 (14 |21/2)) %2 < ol

which is clearly true for large enough ¢ since o > cos . By Theorem 10.5 we conclude that
Cn =D + P(logn) + O(n™1). O

10.3 Generalizations of Depoissonization

In this section we generalize our basic depoissonization Theorem 10.3 twofold: (i) we derive a
full asymptotic expansion for g,, and (ii) we enlarge the class of Poisson transforms é(z) for
which the depoissonization holds (i.e., we allow for exponential rather than algebraic bounds
on G(z)). We prove all of these results in a uniform manner in Section 10.3.3 using a general
depoissonization tool presented in Theorem 10.13.

10.3.1 A Full Asymptotic Depoissonization

Before we present a precise statement, let us formally derive a full asymptotic expansion of
gn. We shall seek such an expansion in the following form

Gn = Z bijnié(j)(n).

1,520



423 Analytic Poissonization and Depoissonization

To identify formally the coefficients b;; we proceed as follows. By Taylor series

G =S Lo g0

>0 7
which yields ‘
go = 0" G () = Y n![zn]@—jﬂ@m(n)'
J
Hence, we formally set ‘
by = Il e

After interchanging indexes i and j, factorizing the operator [2"], noticing that >, n’[n’] f (n, z) =
f(n,z) for any analytic function f(n,z), and formally setting 1/ = GY)(2), we obtain

Shgniy = [y Y e
ij i 7
— ) PEEEE e atenp(: -y +-2)
J
= (1+y)"e ™ =exp(nln(l +y) — ny).

Thus o
bij = [='][y’] exp(nIn(1 + y) — ny).

We observe that b;; = 0 for j < 2i. Indeed, as in the case of the coefficients a;; discussed in
Section 10.1, we let f(x,y) = exp(zlog(1+%) —xy) and observe that f(zy~2,%) is analytic at
x =y = 0. Hence, its Laurent expansion possesses only terms like z%y/ =2 with nonnegative
exponents. This means that for j < 2i the coefficients b;; = 0.

We are now ready to formulate a general depoissonization result with polynomial bounds.
We shall defer the proof until Section 10.3.3, where we present a general depoissonization
tool that allows us to establish all results of this section in a uniform manner.

Theorem 10.6 (Jacquet and Szpankowski, 1998) Let the following two conditions hold
for some numbers A, B, R >0 and o > 0, 3, and ~y:
(I) For z€ Sp, 0 < 0| < 7/2,

2l >R = |G(2)| < B|z|?¥(]2]), (10.37)
where VU (x) is a slowly varying function, that is, such that for fized t limg_, Yita) _ (e.g.,

e
U (z) = logx for some d > 0);
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(0) For all z = pe™ such that z ¢ Sy we have

p=lz| >R = |G(2)e*| < Ap”exp[(1 — aih?)p). (10.38)

Then for every monnegative integer m

gn = izinbz]n +O( p- m_l‘l’(n)) (1039)
i=0 j=0
= +Zzbz ki k—H( )""O(nﬁ_m_l\y(n))a
k=11t=1

where b;; are as the coefficients of exp(zlog(1 + y) — xy) at x'y’, that is,

YD bia'y’ = exp(alog(l+y) — zy), (10.40)
i=0j=0

with bj; = 0 for j < 2i.
The first few terms of the above expansion are

_ 1 ~ 1 ~ 1 5~ 1 -~ 1 o~
gn = G(n)— §”G(2) (n) + g”G(g) (n) + §n2G(4) (n) — Z”G(4) (n) — E”QG@ (n) —

L 3a® ) + 1nd® () 1+ 2260 )+ Ladam ) + L nta® ) -
3" GY (n) + 5nG (n) + " GY (n) + i G\ (n)+ 331" G (n)
1 ~ 11 5~ 17 5~ 1 ~ ~
Pl _ o n2aM _ 2 n3a®) P e C)) _ = p5q(0)
5" (n) n“G'"’ (n) T G (n) T GY(n) 810" GV (n)
+0(n”~9)
Example 10.6 Dirichlet Depoissonization
Let -
g=> (1-(1-27"") (10.41)
k=0
whose Poisson transform is (Item 7 of Table 10.1)
C:'(z) = Z (1 — e*’zrk) ,
k=0

and the jth derivative is
GU) (2 J+122 jko—z27"
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We are interested in a full asymptotic expansion of g, using the depoissonization Theo-
rem 10.6. For this we need to find the asymptotics of G19)(z) for z in a cone Sp. But GU)(z)
is a harmonic sum; hence by Theorem 9.1 the Mellin transforms are

M[G(z);s] = —%, -1 <R(s) <0,
M[GYD(z);5] = w 0<R(s)<j, j=1

Using the reverse mapping Theorem 9.2 we find for x — oo (which by Theorem 9.5 can be
extended to complex z — oo in a cone Sy with 0| < 7/2)

G =1 —— + = + Pyl O
(@) = logaa+ g+ 5+ Ryllogaa) + O™,
. —1)i+1
G(J)(x) = ( )] P;(logy x) + O(:):_M), j>1
x
for any M > 0, where
1 .
Po(logoz) = o2 2 ZF(QM’E/ log 2)e~2mitlogz @
08 < 120
1 > .
Pj(logyz) = oo 2 Z [(j + 2mwil/log 2)e2mitlog22 5 > 1,
0g2 , =

Since g(z) = O(log z) inside a cone Sy, by Theorem 10.4 and Theorem 10.6 we finally obtain

m k

1 ; _ i
gn = logyn+ é + 5 + Py(logy n) + Z Z(—l)kﬂﬂbi,kﬂn *Pyri(logyn)+O0(n~" " logn)
k=1i=1

(10.42)
for any m > 1, where b;; are given by (10.40).
Clement, Fljaolet and Vellée [68] suggested to consider a more general sum, namely

gn =Y ap(l—(1—ap)")
k>0
for a sequence ay — 0. From Item 7 of Table 10.1 we know that its Poisson transform is
G(z) = ap(l —e ™),
k>0

thus one can use depoissonization, as we did above, to find the full asymptotic expansion of
gn- Another approach, called the Dirichlet depoissonization, was proposed in [68]. It is
based on the following observation. Define the following two Dirichlet series

As) =Y ap Qs =Y (log 1 _1%)

k>0 k>0
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Formally, we have

1 1
-1
Q(s) = Eexp(sloglog(l—ak ) Eexp(slog<ak+2ak+3ak—|— ))

k>0 k>0
1 1
= Zaiexp(slog(1—|—§ak+gai+...)>
k>0
= Zasex <5<1a + 5a + . ))
N k>0 RO PRI T
1 D Lovo 1 5 9 1 503 )
= 1 — —_ il
/;) ( "'23%‘1’(245‘1‘83 )a k:‘|‘(88+488 +488)a +

= A(s)+c1(s)A(s+ 1)+ ca(s)A(s+2) + -

Thus the singularities of €(s) are those of A(s) plus {0,—1,...}. This was rigorously proved
in [68] from where we quote the following result.

Lemma 10.7 (Dirichlet Depoissonization) Let a; — 0 with ay positive. Define the
above two Dirichlet series A(s) and QU(s). Then, if the Dirichlet series A(s) of ay is mero-
morphic in the whole complex plane and it is of “weak polynomial growth” (i.e., the growth
is only controlled on certain lines parallel to the real azis tending to +icc), then the same
properties hold for Q(s). In addition, the singularities of A, are related by

Sing(2) = Sing(A) + {0,—1,-2,---},

and the singular expansions of Q(s) and A(s) are related by

Qs) < A(s) +ci(s)A(s+ 1) + ca(s)A(s +2) + - -, (10.43)
where
; s
cj(s) = [’] exp (; log = x) . (10.44)
For g,, defined in (10.41) we have
s bs s>
Q(—S)AA(—S)+§A( s+1)+(24 8)A(—5+2)+~--,

thus (10.42) is recovered.

Example 10.7 Entropy of Binomial Distribution
We compute here a full asymptotic expansion of Shannon entropy h, of the binomial
distribution (})p"g"~* (¢ =1 — p), that is,

" (n _ n e
hn=—> <k>pkq” *log <<k>pkq k) :
k=0
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We shall follow the approach suggested in Jacquet and Szpankowski [219], while the reader
is asked in Exercise 10 to use the singularity approach to obtain the same result (cf. Flajolet
[129]). Observe that

hn, = —ln(n')—n(plnp+qlnq)
In(k!) k _n—k ] _ Wk =k
+ Z n( ( ) +Z n((n (k p°q

We use analytic poissonization and depoissonization to estimate
n
In(k!) kgn=h 4 In((n -k kgn=k,
= S e+ o -0 ()

Observe that the Poisson transform G(z) of g, is
G(z) = F(zp) + F(2q),

where
0o P
= Z In(n!)—e >
n!
n=0

Thus
hn = —In(n!) —n(plnp + qlngq) + n![z"] (ezﬁ’(zp) + ezﬁ’(zq)) .

We cannot apply directly the depoissonization Theorem 10.6 since the Poisson transform
f(z) is not given in a closed form. But, we can apply our previous analytic poissonization
Theorem 10.2 to find F(z) for z — oo and then use Theorem 10.6. In fact, in Example 2 we
already computed F(z) asymptotically. Setting log(n!) = f, = f(n) = logT'(n+1) and using
the symbolic notation proposed in Section 10.2 we can formally write for the kth derivative
of F(z2)

F® () = (& — Drexp (A — 1) —nhy), o7 = f9 (),

where A is equal to either p or ¢q. Since f,, has an analytic continuation of a polynomial
growth, we can apply Theorem 10.6 to obtain

nl[z"] (ezf()\z)) = Z bin' N (e¥ —1)7 exp (nA(e¥ — 1) —nXy), ¢/ = 9 (an)
i,j>0
= exp(nlog (14 A(e¥ — 1)) — Any), y = f9 (),

where we used (10.40) in the last line. Introducing ¢; () as follows

exp (xlog (1 + A(e¥ — 1)) — \ay) = Z Z ¢ (N Yaly®,
1=0 k=21
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we finally arrive at

hn = —f(n)+f( p) + f(ng) —n(plnp +qlnq)
Sy (cin®)p P p) + einl@)d’ s ¥ (ng))
=1 k=21

where f®*)(z) (k > 1) are computed in Example 2. This leads to

B ~ 11 +1+12 im
n2nn2 n7rpq _m

and e, can be explicitly computed, as shown in [219]. O

10.3.2 Exponential Depoissonization

In some applications the assumption about the polynomial growth of C:'(z) is too restrictive
(see Example 9.3 of Chapter 9). Here we extend Theorem 10.6 to Poisson transforms with ex-
ponential growth exp(zﬁ )for 0 < 8 < % The proof is again delayed until the last subsection.
However, below we provide a sketch of the proof for the basic exponential depoissonization.

Theorem 10.8 Let the conditions of Theorem 10.6 be satisfied with condition (I) replaced

by N
|G(2)] < Aexp(B|z|%) (10.45)

for some 0 < B < % and constants A > 0 and B. Then for every integer m > 0

0=3

=0 j=

i+m

bin G (n) + O(n~(mTDU=28) oxp(BnP)) (10.46)
0

for large n.

Sketch of Proof. It seems appropriate to give here a sketch of the proof for the leading
term (Section 10.3.3), namely,

gn =G(n)+0 (nm*l exp(Bnﬁ)) . (10.47)

This can be derived along the same lines as the proof of the basic depoissonization Theo-
rem 10.3. As in the proof of Theorem 10.3, we can easily estimate the integrals E, and I,
and therefore we are left with the integral I}, (cf. (10.20)—(10.22)). To estimate I}, we need
an extension of Lemma 10.1 for functions C:'(z) with an exponential bound. We shall show
that if (10.45) holds, then the kth derivative G(*)(z) can be bounded as below

GO ()] < Byl exp(B2)”). (10.48)
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Indeed, using Cauchy’s bound (10.10) with r = Q|z|'~% we obtain

S (k) max‘w‘:mz‘l_;; ’G(Z + W)’
|G (Z)| S Q|Z|k(1_ﬁ) 9

where z +w € Sy, so that the exponential bound |G (z + w)| < Aexp(B|z + w|? is still valid.
Since the derivative of 2% is O(2°~!) we have

‘ ‘jg?flfﬁ\é(ﬁw)! < Aexp(|Bl[z|” + 07|z P)

< Alexp(|Bllz|")

for some constant A’. This proves (10.48).
Now we can consider the integral I],, which we repeat here

logn

vl
2T —logn

I = et/ (é(n)—l—é'(n)zt\/ﬁ) 1-— it —i—i—i dt
o 6yn  24n  T2n

1 logn
+ ﬁ/l e A, (£)E2hy (t)dt
—logn
1 logn —2/2 (A ~ . log” n
+ \/—Q_W/logne (G(n)—i—G(n)zt\/ﬁ)O i dt,

where we recall that

halt) = exp(n(e/VT — 1 it/v/n))
An(t) = —G'(ne/Vm)tIVr _ G (V) pe2it/ Vi

Then (10.48) and the above yield |A,(t)| = O(n?*~1exp(Bn?®)). But the first part of the
above integral is G(n) + O(nS~! exp(Bn®)) for § > 0, the second part is O(n?*~! exp(Bn?)),
and the last part is O(n=3/2 exp(Bn”®)). This proves (10.47). [

Example 10.8 Ezample 9.3 of Chapter 9 Revisited
In Example 9.3 of Chapter 9 we studied the sequence C, satisfying the recurrence (9.31),
that is,

" [n 2—n
=4 — =, n>2
2 g:;(k)n—k-i—lck "

with Cy = 1. We proved that its Poisson transform 6’(2) satisfies the following functional
equation

C:) =21 C (3)).

z
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while F(z) = log 22C(z)/2 fulfills

z

1—e77
F(2z) — F(z) = log . (10.49)
In (9.32) of Example 9.3 we proved that

v(1) +9%/2=72/12) | 1log*(2)
log 2 2 log?2

exp[F(2)] ~ 22"/ exp ( + U (logy 2)1 ,

where

<1 2mil 2mil -
W(l _ T(1- 1— 2millog, z
(logz 2) ZZ 2l ( log2) ¢ ( log 2) ¢

=—00

£#£0

Thus C(z) = O(2%/2 exp(log? z)) in the cone Sy (by analytic continuation). By Theorem 10.8
we find

1 _ y(1) ++2/2 — 72 /12 11og?(5)
C, ~ =n?/29-1/12 _ 1log™(7)
2n P log 2 P 2 log2

+ ¥(log, n)]

as 1n — OQ. O

10.3.3 General Depoissonization Tool

Here we prove all the depoissonization results discussed so far. We start with a few lemmas
followed by our main depoissonization tool Theorem 10.13.

It turns out that in the course of the proof we often have to deal with functions satisfying
a certain property. We formalize it in the following definition.

Definition 10.9 We say that a sequence of functions f, : I, — C defined on subintervals I,
belongs to the class Dy (w) for w real if there exist D > 0 such that for all integers j < k and

x € I,, we have |f7§])(:c)| < Dn=J%,

Example 10.9 Functions belonging to Dy (w).
Consider the following two functions:

1. Let f be infinitely differentiable on [—1, 1], and define f,(xz) = f(zn™%) on I, = [-n*,n*].
Clearly, f, € Dg(w) for every k > 0.

2. Let F), be an analytic function defined in {z : |z| < n“}, n > 1, such that the sequence F,
is uniformly bounded. Then the restriction f, of F, to I, = [~3n*, $n*] belongs to Dy (w)

for every k > 0. O

The next lemma presents some simple properties of the class Dy(w). Its proof is quite
simple and is left for the reader in Exercise 7.
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Lemma 10.10 (i) If f,, belongs to Di(w), then f, belongs to Di(w') for all W' < w.

(i) If fn and gy belong to class Dy (w), and if H(x,y) is a function which is k times contin-
uously differentiable, then H(fy,,gn) belongs to Dy(w). Consequently if f, and g, € Dg(w),
then fn, + gn and fn X gn € Di(w).

Observe that to prove our general asymptotic expansion, like the one in Theorem 10.6,
we must study bounds and Taylor’s expansions of the following function

hn(t) = exp(n(e’/V™ — 1 —it/\/n)) . (10.50)

One can interpret h,(t) as the kernel of the Cauchy integral (10.13) (cf. also (10.19)), thus
it is not surprising that this function often appears in our depoissonization theorems. Its
properties are discussed in the next lemma.

Lemma 10.11 The following statements hold:

(i) For t € [—m/m,m\/n)] there exists u > 0 such that |h,(t)] < e #*, where p is a constant.
(ii) For complex t such that |t| < Bni for some B > 0, the sequence of functions F,(t) =
hn(t)e*ﬁ/2 is bounded and belongs to ]D)k(%) for any integer k > 0.

Proof: Part (i) was already proved in Section 10.2.2. Part (ii) is a little more intricate.
According to Lemma 10.10, it suffices to prove that the sequence of functions log F,(t) €
Dy(3), and then refer to the fact that the sequence of exponentials of log F,,(t) still belongs
to Dk(3). Denoting e — 1 — iz — 2?/2 by r(z), we observe that the sequence of functions
r(t//n) belongs to Dy (3) for t = O(y/n) and any integer k > 1. Therefore, the ith derivative
for 3 <i < k of nr(t/y/n) is O(n'~*/?), which is O(n=%/9) for all i > 3. In particular, the
third derivative is O(nfl/ 2). But we also observe that by successive integrations the first
derivative of nr(t//n) is O(n~1/9), the second derivative is O(n~1/3), and nr(t/\/n) is O(1),
because the first two derivatives of r(t) are zero at t = 0 by the construction. Hence, part
(ii) follows. n

Furthermore, when proving Theorems 10.6, we need an extension of Lemma 8.16, which
is presented next.

Lemma 10.12 For nonnegative H and (3, let the sequence of complex functions F,(z), de-
fined on x € [—H logn, Hlogn], belong to the class Di(3) for any k > 1. Then

L /Hlogn Fu(z)e " dy = ki:l LF(QZ') (0) + O(n~2k5)
V2 —Hlogn " N =0 20410 " ’
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Proof: By Taylor’s expansion Fy,(z) = Y17} x, FO(0) + A, (z)z!, where A, (z) = O(n~'9)
due to F,, € Dy(B) for any [. Thus

Hlogn

V2T /Hlogn

Hlogn

—:v2/2d /
Z! V2T Hlogn

2'e " Pdy + O(n~P).

M

=0

Observe that Fr(li)(()) = O(n™") since F,, € Dy(3) and i < [. Furthermore, by Lemma 8.16
changing the limits of integration in the above to 00 introduces an error of order O(e_(H logn)?/ 2)
that decreases faster than any polynomial. Also, by (8.78) of Lemma 8.16 we know that for

1 even

/ z 7x2/2d (2m)'
\ 21 mlam’
and the integral is zero for ¢ odd. After setting k£ = 2/ and rearranging the above sum, we
prove the lemma. ]

1= 2m,

Finally, we are in a position to formulate the depoissonization tool theorem. To have
our results apply also to the distributional problems discussed in the next section, we consider
here a double-index sequence g, 1, and a sequence of Poisson transforms

o0 Zn
—z
=€ E 9n,k |
n
n=0

Theorem 10.13 (Jacquet and Szpankowski, 1998) Let Gy(z) be the Poisson transform
of a sequence gy 1 that is assumed to be a sequence of analytical functions for |z| < n. We
postulate that the following three conditions simultaneously hold for some H > 0, v, and
mteger m > 0:

(I)  For z € Sy, such that |z| = n: |Gp(2)| < F(n) for a sequence F(n),

(L) The sequence of function fp(t) = Gn(ne/N'®)/F(n) defined for t € [—H log n, H log n]
belongs to the class Dp,(7y),

(0) For z ¢ Sy and |z| = n: |Gn(2)e?| < p(n)e™F(n), where p(n) decays faster than
n_%_(m“)min{%%}, that is,

pln) = o(n™ 3= (mHmints)),

Then N o
n=Gu(n)+ 0™ ™5 F(n) (10.51)
and more generally for any integer m > 0
m i+m
G =D 3 byn'GY) (n) + O(n~ (M min{1/6}) (), (10.52)
=0 j=0

where b;; are defined in (10.40).
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Proof. The proof again relies on the Cauchy integral that we split into I,, and FE,, as before,
where I, is the integral over ¢ such that ne is inside the cone Sy, and E,, is the integral that
has ne' outside the cone. That is:

I - f/ ey exp (n (= 1—it)) at,

Ga(2)e?
E, = T d
2mi /t€[9 x  Zntl ‘
= ,/ ne ) ex 1 —gt))dt,
/t|€ 0,7) P ( ( ))
where w,, = nln""e"(2rn)~! = 1+ O(n~!) by the Stirling formula. We estimate the above

two integrals. We begin with the latter. Observe that by condition (O) we have |E,|/F(n) <
V2mnp(n) = o(n_kmin{%%}) for any k < m + 1, which is negligible when compared to the
error term in (10.51).

The evaluation of I,, is more intricate. First, we replace t by t/1/n to get

w, [0V

_ it/\/n it/ 4
I, = N Gn(ne ) exp (n (e 1 zt/\/ﬁ)) dt
w Ovn ,
= = G (ne™ V™ h,, (t)dt,
V2 Jog Cn e

where h,,(t) is defined in (10.50) and analyzed in Lemma 10.11. We further split the integral
I,, into I}, and I as follows

o= 2 [ Gt e (o (T -1 it V) )
Hlogn
A G (net/V) e it/ 1 _ gt dt
" V21 Jte|-0y/n,—Hlogn) (ne ) P <n (6 ! /\/E))
Wn ~ it/\/n it/\/n .
+ VI ctmogmom G (ne/V™) exp (n (e t/\ﬁ—l—zt/\/ﬁ))dt
ogn,0/n

To estimate the second integral I” we use the fact that |h,(t)] < e with p > 0 for
€ [—v/n,v/n], as discussed in Lemma 10.11. Thus by Lemma 8.16 and condition (I) we
immediately obtain that I /F(n) = O(e~*H" log? "), which decays faster than any polynomial.
Now we estimate I’. Observe first that since hy, (t)e”/2 € D, () for any m, and we have

Gn(ne™/V1) /F(n) € Dy (7), therefore the product

Ra(t) = hu(t)e’ G (ne® V™) |F(n) € Dyu(72),
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where 7o = min{y, ¢}. In view of this and by Lemma 10.12 we obtain
 wy Hlogn
B V2 Hlogn

and consequently g, = G,,(n) + O(n"72)F(n). This proves (10.51).
To prove our general result (10.52), we apply Lemma 10.12 for any & to obtain

I' /F(n) Ry(t)e 12dt = w,(F,(0) + O(n™?)) ,

k—1
1 4
F(n) = - Rp29) —2k72Y
s/ P) = 3 5 B0+ O ™27)

Computing explicitly the derivatives of R, (t) by their actual values (that involve the deriva-
tives of G(z) at z = n), and noting that all odd powers of n~% disappear (since we are
considering only derivatives of R,,(t) of even order), multiplying by w,F'(n), replacing w,, by
the Stirling expansion, we finally obtain

m i+m
Gom = 3.3 bin'GD (n) + O(n~ D min{sh) p(n),
i=0 j=0

where we set m + 1 = 2k. Notice that the terms in the expansion do not involve m since the
Stirling expansion and the expansion of Lemma 10.12 do not contain m. |

Using the depoissonization tool Theorem 10.13, we can now finally prove our remaining
theorems by identifying the function F'(n) (see condition (I)) and finding the correct value
for v in condition (L) of Theorem 10.13.

We start with the proof of the generalized depoissonization Theorem 10.6. First of all,
observe that conditions (I) and (O) of Theorem 10.6 imply conditions (I) and (O) of Theorem
10.13 when we set F(n) = Bn®¥(n). Thus to complete the proof we must verify condition
(L) of Theorem 10.13 and find ~ such that

Falt) = Gu(ne™ V"m0 /¥ (n) € Dy ()

for any integer m > 1. But by Lemma 10.1(ii), for all integer m and for all z belonging
to a smaller cone Spr with 6’ < 6 there exists By, such that |C~¥£lm)(z)| < Bz~ (|2)).
After setting z = ne’®/V™ we see that the sequence of functions f,(t) belongs to Dy, () for all
integer m. Now set v = %. Then by Theorem 10.13 there is some m’ > m such that

m’ i+m’
Inn = Z Z bz]nZGg)(n) + O(nﬂim 'Y)\Il(n)
=0 j=0

The last delicate point is to obtain the correct error term in Theorem 10.6. But this can
be achieved by setting m’ = [(m + 1)/v] for a given value m. This will lead to an error
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term equal to O(nﬁ*(m“)). Indeed, the additional terms obtained are those with ¢ > m and
j > i+ m. The corresponding coefficients are bijn"ég )(n) with b;; # 0 for j > 2i (we remind
the reader that b;; = 0 for j < 2i, as shown in Section 10.3.1). Then

pBFi=i < B2 _ pBi < ()
and this proves Theorem 10.6.

Now, we prove the exponential depoissonization Theorem 10.8. As before, the proof
relies on Theorem 10.13 with F(n) = exp(Bn”). Conditions (I) and (O) are again easy to
verify, so we only need to check condition (L) of Theorem 10.13. That is, we must estimate
the growth of f,(t) = G(ne®/V")exp(—Bn?). But f,(t) € D(3 — ) due to (10.48). To
complete the proof, we must establish the error term. Let v = min{% -3, %} An application
of Theorem 10.13 leads to the error term O (n‘r’l/“Y exp(Bn” )) for some integer m’ > 0. To

establish the right error term O(n~(m+D(1=258) exp(Bnf)) we follow the same approach as
before. We set m’ = | (m +1)(1—28) /7], which introduces the additional terms b;;n’G (n)
that contribute O(n'~7=%) exp(Bn?)). But, since b;; # 0 for j > 2i,

ni—i(1=0) exp(Bnﬁ) < pi=2i(1-P) exp(Bnﬁ) < p~i1-20) exp(Bnﬁ) < p~m(1-26) exp(Bn’g) ,

and this completes the proof of Theorem 10.8.

10.4 Moments and Limiting Distributions

Depoissonization techniques can also be used to derive limiting distributions. Extension to
distributions requires us to investigate the double-index sequence g, i, (€., gn r = Pr{X,, = k}
or gn i = EletXn/ V] for a sequence V). Its Poisson transform is denoted as

n

oo 0
~ z _

Glert) = Planizin) = 3 oe> 3 g
n=0 """ k=0

It is often more convenient to investigate the Poisson transform Gy (z) = P(gn;2) defined
as

~ 0 Zn
Gi(z) = Z gn,kme_z,
n=1 :

and already discussed in Theorem 10.13. In this section we present the diagonal depoissoniza-
tion result that allows us to extract asymptotically g, (e.g., gnn = E[e!Xn/VarlXal]) We
start, however, with the relationship between the Poisson and the Bernoulli moments of a
random variable.
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10.4.1 Moments

Let X,, be a sequence of integer random variables and X its corresponding Poisson driven
sequence, where N is a Poisson random variable with mean z. Let G(z,u) = Eu¥X~N =
>0 yEuXnZie™* be its Poisson transform. We introduce also the Poisson mean X(z) and
the Poisson variance V(z) as

X(Z) = é;(zv 1) )
~ ~ ~ ~ 2
V(z) = GiD)+X() - (X)),

where G’ (z,1) and G”(z,1) respectively denote the first and the second derivative of G(z, )
with respect to u at u = 1.

The next result presents a relationship between the Poisson mean X (z) and variance
V(z), and the Bernoulli mean E[X,] and variance Var[X,,].

Theorem 10.14 Let X (z) and V(z) + X2(2) satisfy condition (0), and X(z) and V(z)
satisfy condition (I) of Theorem 10.6 with 8 < 1, e.g., X(z) = O(z°¥(z)), and V(z) =
O(2°V(2)) in a linear cone Sy and appropriate conditions (O) outside the cone, where W(z)
s a slowly varying function. Then the following holds:

B[X,] — X(n)—%n)?<2>(n)+0(nﬁ*2q/(n)), (10.53)
Var[X,] = V(n)—n[X'(n)]>+ 0@ ¥(n)) (10.54)

for large n.

Proof. The asymptotic expansion (10.53) directly follows from Theorem 10.6 for m = 1. To
derive (10.54) observe that the Poisson transform of E[X2] is V() + (X (2))?, thus again by
Theorem 10.6

EX7] = V() +(X(n)* - %H‘N/@ (n) = n[X' ()2 = nX® () X (n) + O(n" ¥ (n)

= V() + ((Xm)? = nXP ()X (n) + 0> 2W(n))) = n[X' ()] + O ¥ (n)),

where the last error term is a consequence of nV( (n) = O(n®~1¥(n)). Since Var[X,,]

E[X?] — E[X,]?, the result follows. n
Example 10.10 I.I.D. Random Variables
Let Zi,...,Z, be a sequence of independently and identically distributed random vari-

ables with generating function P(u) = Eu?! and mean p and variance v. The generating func-
tion of X,, = Z1+...+ Z, is G, (u) = (P(u))™. Observe that E[X,,] = nu and Var[X,,] = nv.
If we consider the Poisson transform of X, we obtain G(z,u) = exp (2(P(u) — 1)), and
X(2) = 2z, V(2) = (4 +v)z. Thus Var[X,] = V(n) — n[X'(n))?, as predicted by Theorem
10.14. O
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10.4.2 Limiting Distributions

When dealing with distributions, one must estimate Gy (u) from the Poisson transform
G(z,u). If u belongs to a compact set, then our previous depoissonization results can be
directly applied. However, to unify our analysis we present below a general result called the

diagonal depoissonization.

Theorem 10.15 (Jacquet and Szpankowski, 1998) Let G1(z) be a sequence of Poisson
transforms of g, ., which are assumed to be a sequence of entire functions of z. Let the
following two conditions hold for some A >0, B, R >0 and a >0, 3, and ~:
(I) For z € Sy and

2l >R = |Gn(2)| < BnP|¥(n), (10.55)
where ¥ (x) is a slowly varying function.

(O) For z outside the linear cone Sy

lzZl=n = |Gu(2)e*| <nYexp(n— An®) , (10.56)
Then for large n N
Gnn = Gp(n) + O~ 10 (n)) . (10.57)
More generally, for every nonnegative integer m
m i+m
Gnn =3 > bin'GY) (n) + O~ 10 (n)), (10.58)
i=0 j=0

where ég)(n) denotes the jth derivative of Gn(z) at z = n.

Proof. The proof follows directly from the depoissonization tool Theorem 10.13 and is left

for the reader (cf. Exercise 8). n
Using this we can prove the following two very useful corollaries.

Corollary 10.16 Suppose ék(z) = >0 gmkzn—?;e_z, for k belonging to some set K, are

entire functions of z. For some constants A, B, R >0, 3 and o < 1, let the following two
conditions hold uniformly in k € KC:

(I) ForzeSy

2l >R = |Gk(2)| <Blz7, (10.59)
(O) Forz¢ Sy N
lz| >R = |Gr(z)e®| < Aexp(alz]) . (10.60)
Then uniformly in k € K N
gnk = Gr(n) + O(n°71) (10.61)

and the error estimate does not depend on IC.
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Proof. The above corollary is a direct consequence of our previous proofs. Nevertheless, we
show below how it can be derived from Theorem 10.13. Indeed, let us assume the contrary
(i.e., that the thesis of the corollary (10.61) does not hold). In other words, there is a
subsequence (n;, k;) such that

niﬁ_l

lim

1—00

=00 . (10.62)

Observe that n; cannot be bounded. Indeed, if the subsequence n; would be bounded,
then the uniform boundedness of G (z) (by our assumption (I)) on any compact set implies
that the g, are uniformly bounded if n; are uniformly bounded (it suffices to bound the
integrand in g, 1 = {:—; § Gi(2)e*z7""1dz), which contradicts (10.62). So assume now that
n; is unbounded and strictly increasing, and define for a nonnegative integer m

ﬁm(z) _ 0 m # n;

Then hp, n, = g,k for all i. Clearly, fIm(z) satisfies the assumptions of Theorem 10.13
(since it satisfies conditions (I) and (O) of the corollary, which imply conditions (I), (O), and
(L) of Theorem 10.13). Thus,

hni,ni = 9ni ki = ékz (nl) + O(niﬁil)
which is the desired contradiction. [ |

The next corollary is a direct consequence of Corollary 10.16 but since it finds many useful
applications, we formulate it separately.

Corollary 10.17 Let é(z,u) satisfy the hypothesis of Theorem 10.3, i.e., for some numbers
0<m/2, A, B,{>0, 0, and a <1 (I) and (O) hold for all u in a set U. Then

Gn(u) = G(n,u) + O(n™1) (10.63)
uniformly for uw € U.

Proof. This directly follows from Corollary 10.16. Since the set K in Corollary 10.16 is
arbitrary we can set K = U, and then gn., = Y75 gn,lul = Gp(u) and Gy(z) = G(z,u). Thus
(10.61) implies (10.63). [
Example 10.11 Depth in PATRICIA

_ Let us consider the depth in a PATRICIA trie (Section 1.1). The Poisson transform
D(z,u) of the depth satisfies the following functional equation

D(z,u) = u(pD(zp,u) + ¢D(2q,u)) + (1 — u)(pD(zp, u)e”%* + qD(zq, u)e ") .
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Due to the factors e~9% and e~ in front of D(z,u), the equation is more complicated than
the ones we have seen so far. In fact, it does not have a simple explicit solution. Nevertheless,
it falls under Theorem 10.5 with v;(2) = up + (1 — w)pe™9*, y2(2) = ug + (1 — u)ge™P* and
t(z) = 0. Furthermore, for p # ¢ the asymptotic behavior of D(z,u) inside a cone Sy (z — o0)
is determined by the first two terms in the right side of the above equation. Using Mellin
transforms Rais et al. [350] proved that for large z the Poisson depth is normal (the reader
is asked to provide details in Exercise 9); that is, for z large in a cone Sp, and u = e, where
t is complex we have:

e_t)?(z)/a(z)[j(z’ el/7(2)y = e1t2/2(1 +0(1/0(2))), (10.64)

where X(z) = O(log z) is the Poisson mean, and 02(z) = V(z) = O(log z) is the Poisson
variance.

One must now depoissonize (10.64) in order to establish the central limit law for the
Bernoulli model. First, an easy application of Theorem 10.14 leads us to E[D,] ~ X (n) and
Var[D,] ~ V(n). In fact, from Szpankowski [408] we know that E[D,] = Flogn + O(1)

and Var[D,]| = %logn + O(1), where h = —plogp — qlogq is the entropy, and hy =
plog?p + qlog? q. Thus we need only depoissonize (10.64) in order to obtain the limiting
distribution. We first observe, as in [350], that D(z,u) = O(2°) for any ¢ > 0 inside a cone
Sp (6 < 7/2). This can be proved by simple induction. With the help of Theorem 10.5 we

verify conditions (I) and (O) of Corollary 10.17, which finally yields the following.
Theorem 10.18 (Rais, Jacquet and Szpankowski, 1993) For complez t

e DNV Do V] = 1201 4001 Togm)

that is, (D, — E[D,])/\/Var|D,,| converges in distribution and in moments to the standard
normal distribution.

Other examples will be discussed in the applications section below. O

10.5 Applications

We discuss three applications. First, we deal with the asymptotic distribution of the height
in an incomplete trie associated with the leader election algorithm. Then we tackle the av-
erage and the variance of the depth in generalized b-digital search trees for two probabilistic
models, namely, for biased memoryless and Markovian sources. The depth of b-DST was al-
ready discussed in Section 9.4.1 for the unbiased memoryless model. Extension to the biased
memoryless model will require a new methodology, that of poissonization and depoissoniza-
tion. Finally, further extension to the Markovian model will force us to consider systems of
functional equations. This last application turns out to be the most sophisticated research
problem of this book.



440  Analytic Poissonization and Depoissonization

abcdefg

acf

Thewinner ->

Figure 10.4: An incomplete trie for the elimination process starting with 7 players.

10.5.1 Leader Election Algorithm

This analysis is adopted from Fill at al. [124]. The following elimination process has several
applications, such as the election of a leader in a computer network. A group of n people
play a game to identify a winner by tossing fair coins. All players who throw heads are losers;
those who throw tails remain candidates and flip their coins again. The process is repeated
until a single winner is identified. If at any stage all remaining candidates throw heads, the
tosses are deemed inconclusive and all remaining players participate in the next round of coin
tossing.

We investigate the distribution of the height of a random incomplete trie, the discrete
structure that underlies the elimination process described above. This binary incomplete
tree can be described as follows. At the root of the tree we have one node labeled with all
participants. After all the participants flip their coins for the first time, losers (if any) are
placed in a leaf node that is attached to the root as a right child, and all candidate winners
are placed in a node that is attached as a left child. Leaf nodes are terminal nodes that are
not developed any further. The process repeats recursively on every left child until a single
winner is identified. Figure 10.4 illustrates the discrete structure underlying the elimination
process.

Our goal is to find the distribution of the height H,, of the associated incomplete trie. We



441 Analytic Poissonization and Depoissonization

first use poissonization and then depoissonize the result to obtain the exact and the limiting
distribution of H,,. For each n > 0, let

Gn(u) == i Pr{H, = k}uF
k=0

denote the probability generating function for the fixed-population height H,, (i.e., in the
Bernoulli model). The starting point of our analysis is the following recurrence for G,,(u)

Gplu) = u2™" znj (Z) Gr(u) + uGn(u)27™, (10.65)
k=1

which is valid for n > 2, with the boundary values Go(u) = G1(u) = 1. This is a standard
equation for the depth in digital trees that we have seen before, except that the associated trie
is incomplete so the term G,,_x(u) does not appear. The additive term Gy (u)2™" accounts
for the fact that when all players throw heads, then all of them still participate in the game
(we must find a leader!).

We now consider the Poisson transform G(z,u) = >, e *Gn(u)Z; of Gp(u), which
satisfies the following functional equation

Gzu) = u(l + e=*/2)G (g u) +e [+ )0 —w) - ue’?]. (10.66)
To handle this recurrence, we introduce
~ G(z,u)
H =
() = 722,
and obtain
H(z,u) = uH (%,u) + R(z,u), (10.67)
where

(1+2)(1 —u) — ue*/?
e —1 '

The recurrence (10.67) can be solved by direct iteration, as we saw in Section 7.6.1, to obtain

R(z,u) ==

H(z,u) = IiR (%,u) uk. (10.68)

We now start the process of depoissonizing the last equation so that Corollary 10.16 can
be applied. For this we need information about G(z,u) as z — oo in a linear cone and w in
a compact set. Certainly, the Mellin transform is the right tool since the sum in (10.68) is a
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harmonic sum and Theorem 9.1 applies. Simple algebra (with the help of Table 10.1) shows
that the Mellin transform H*(s,u) of H(z,u) is

(1I—u)T(s+1)((s+1)
1—25u

H* (s,u) = D(s) ((s) +

for 1 < R(s) < —log|u|. We further assume that |u| < . Since we are concerned here

with the distribution function of Hpy, where IV is a Poisson random variable, rather than its
probability mass function, our interest centers on the transform

H*(s,u)  T(s)¢(s) N (s +1)¢(s+ 1).

1—u 1—u 1— 25u

This expression can be immediately expanded in a power series in u yielding

ﬁ'*
] <71 - )> = T()¢(s) + 2T (s + 1) ¢ls +1).
Inverting the transform gives

T o]

z/2F
1—u Z [ "1 exp(z/29) -

for z > 0. But _ _
G(z,u) (1 —e?)H(z,u)

1—u 1—u

Z PF{HN(Z) < k}uk =
k=0

)

where N(z) is a Poisson distributed random variable with mean z. For each k = 0,1,2,...
and z > 0 we have

z/2k

Prifine Sk} =e™+ (1 -e7) or pi =T

(10.69)

The relation (10.69) can be manipulated to get exact distribution. For any z > 0,

I z es —1
Pr{iH <kl = e*|1+——-— —
) < k) ¢ I * 2k exp(z/2F) — J
2k_1
= e * |1+ oF z:o exp(jz/?k)
L J=
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We give the exact distribution in Theorem 10.19 below.
But we are really after the limiting distribution, if it exists, of the Bernoulli version of
the height, that is, H,,. We use the depoissonization Corollary 10.16. Let

P = Pr{H, <k} (10.70)
and then by (10.69) the Poisson transform Py(z) of Phon 18

z/2k

Pu(z)i=e ™+ (1 —e?) p By o —

(10.71)
Although up until now the right side of (10.71) has arisen only as Pr{ Hy,) < k} for real z > 0,
note that it defines an entire function of the complex variable z (by analytic continuation or
the extension of the Mellin transform to the complex plane as discussed in Section 9.3).

We must verify conditions (I) and (O) of Corollary 10.16. We may appeal to Theorem 10.5;

however, for a change we check the conditions directly. To verify condition (I), we first observe
that if 0 # z € Sp, then |z| < Rz/cosd and

le* —1| > |e*| =1 =exp(Rz) — 1,

so that 5
z z
< 0 < secf
e? — 1‘ < (sec )exp(% z) — vee
Thus for 0 # z € Sp we have
~ _ _ z/2F
P < # 1l—e?||—————F——
1Pe(2)] < e[+ |1 —e exp(z/2F) — 1
< |e7F| + (sec) |1 — e
< secl+ (1+sech)|e™?|
< secl + (1 +sech)exp(—Rz)
< 1+ 2sech.

To verify condition (O), we first observe that if z ¢ Sy, then Rz < |z|cosf. Thus for
0 # z € Sp, we have from (10.71)

~ z e —1

P Al < B4+ =—=X —m8M——

Pi(z)e’] = T on exp(z/2F) — 1‘
2k 1

< 14zl x27F > ‘exp(rz/Qk)‘
r=0
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Figure 10.5: The distribution function of Hay — |log, 20| and the two continuous extremes.

2k—1
< 14z x27F > exp (r2_k\zlcos (9)
r=0

IN

1
1+ |z|/ exp(z|z|cos ) dx
0

= 1+ (secf)[exp(]z|cosf) — 1]
< (sect)exp(|z| cosb).

This verifies both of the conditions in Corollary 10.16 with 3 = 0; hence
Pr{H, < j} =pjn=Pi(n) + 0 (n) (10.72)
holds uniformly for integers j > 0. But from (10.71)

]5](71) =e "+ (1-e") —exp(’://;;) -

Setting j = |logy n] + k, we find that

~ Y Y 9 (logy n)—k 9(loga n)—k Y
Pin)=e "+ (1-e") o (2o F) 1~ oxp (28 1 +0(e™™)  (10.73)

holds, uniformly in all integers k& (> —|logyn]). We recall that (log, n) = logyn — |logyn|.
We have thus proved the following result.
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Theorem 10.19 (Fill, Mahmoud and Szpankowski, 1996) Consider an incomplete bi-
nary trie with n > 1, and let B; denote the jth Bernoulli number.

(i) For any integer k >0,

2k 1 n—1
_n m—1 n\ B;
Jj=0 Jj=0

(ii) Uniformly over all integers k,

o(logy n)—k

1
Prif, < logyn] +k} = exp(2(log2n)—k) — 1 O (ﬁ)

as n — oQ.

From part (ii) of the above theorem we conclude that the limiting distribution of H,, —
|logy 1| does not exist (due to the term (logy n)). This is illustrated in Figure 10.5.

10.5.2 Depth in a b-Digital Search Tree for the Biased Memoryless Model

We discuss here the same data structures as in Section 9.4.1, that is, b-digital search trees.
However, this time we analyze them under the biased memoryless model, that is, for p # ¢ =
1 — p. We concentrate on the depth D,, in a b-DST built over a fized number, say m, of
independent binary strings generated in which “0” and “1” respectively occur with probability
pand ¢ = 1 —p. Let B be the expected number of strings at level k of a randomly built
b-digital search tree. Since Pr{D,, = k} = BF /m (cf. Section 8.7.3), one can alternatively
study the average B, which is also called the average profile. Let By, (u) = 30 BEuF be
the generating function of the average profile. As in Section 9.4.1, we argue that the average
profile satisfies the following recurrence for all m > 0

Bpap(u) =b+u i <T)pzqml (Bi(u) + By—i(u)) , (10.75)
=0

with the initial conditions
Bi(u)=1i for i=0,1,...,b—1.

For b > 1 this recurrence does not have a closed form solution. Therefore, we find an approach
other than the one used in Section 9.4.1 for the unbiased model. We poissonize the model
and study the Poisson transform

Blu,z) =Y Bi(u)j,—:efz (10.76)
=0 '
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of By, (u). We do so since the recurrence transforms to a slightly more manageable differential-
functional equation, namely

(1 4 %)bé(u, z)=b+u (E(u,pz) +§(u,qz)) )

where (1+ 2)0f(2) = S0, (?)%. We shall study B(u, z) for z — oo in a cone around
the real axis and u in a compact set around u = 1.

Our goal is to prove the following result.

Theorem 10.20 (Louchard, Szpankowski, and Tang, 1999) Let D,, be the typical depth
i a b-digital search tree built over m statistically independent strings generated by a biased
memoryless source. Then

1 1/h
E[D,] = Elogm—k 7 <£ +v—1—Hp_1 — A(b,p) + 51 (m, b)>
. O(logm)
m
hg — h?
Var[D,,] = th logm + O(1),

where h = —plogp — qlogq is the entropy of the Bernoulli(p) distribution, he = plog?p +
qlog?q, v = 0.577... is the Euler constant, while Hy_; = Z?;ll %, Hy = 0 are harmonic
numbers. The constant A(b,p) can be computed as follows

) b .
Abp) = S B (i + 1o < .

negbel =1 (b—i)n(n—1)---(n—i—1)

where f, is given recursively by

Smab =m+ X700 (P (fi + fm—i),  m >0,
fo=hHh=..=/=0, (10.77)
fm+b:fm+b_m>0, m > 1.

Finally, §1(x,b) is a fluctuating function with a small amplitude (cf. (10.89)) when (log p)/(log q)
is rational, and limg_ o 81 (z,b) = 0 otherwise.

The rest of this subsection is devoted to proving Theorem 10.20. We apply the Mellin
transform and depoissonization methods. Observe that By, (1) = m, E[D,,] = B},(1)/m, and
B! (1)/m = E[D,,(D,, — 1)] = Var[D,,] — E[D,,] + E[D,,]?. Thus

Var(p,,] — B) B:ﬂ<1>_<B:ﬂ<1>)2_

m
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Let X(z) := By(1,2) and W(z) := Byu(1,2) be, respectively, the mean and the second
factorial moment of the depth in the Poisson model. Using (10.76), we obtain

2\ = - -
<1 4 $> X(2) = 2 + X(p2) + X(q2) , (10.78)
<1 + %)b W(z) =2 (X(pz) + X(qz)) + (W(pz) + W(qz)) . (10.79)

We plan to apply the Mellin transform to find the asymptotics of X (z) and W(z) as z — 00
(first as x = R(z) — oo and then we analytically continue to the complex plane). Due to the
appearance of the derivative in (10.78) and (10.79), we rather do not directly find the Mellin
transforms X (s) and Y (s) of X(z) and W (z), but shall seek X (s) and Y (s) in the following
forms

X(s) = MIX(2);s] = T(s)(s) (10.80)
Y(s) = M[W(z);s] =T(s)5(s), (10.81)

where 7(s) and 3(s) are to be computed. They exist in the proper strips, as proved below.

Lemma 10.21 . The following is true: (i) X(s) exists for R(s) € (=b—1,—1), and Y (s) is
defined for R(s) € (=20 —1,—1).

(ii) Furthermore, y(—1—i) =0 fori=1,...,b—1, y(=1—=b) = (=1)**, and B(~1—1i) =0
fori=1,...,b, and v(s) has simple poles at s = —1,0,1,... .

Proof: By recurrence (10.75), we have B;(u) = i for ¢ = 0,1,...,b, and thus B;(u) =

b+ (i —b)u for i =1 +b,...,2b. Taking derivatives, we obtain %y =0fori=0,1,...,b
and %ﬁ =4—>bfori=0b1+0b,...,2b. Furthermore, the second derivative becomes
% =0fort=0,1,...,2b. Hence, for z — 0

X(z) = (PB4 D)+ 22242/(b+2) 432243/ (b+ 3) + O(P) ) 72

= 2T+ D)4+ 0(:2) as 2 —0
W) = 0?1 as z2—0.
On the other hand, for z — co we conclude from (10.78) and (10.79) that X (z) = O(zlog z)

and W (z) = O(zlog? z). Thus the first part of the lemma is proven. Part (i) directly follows
from Lemma 10.22 below and (10.86). [

Lemma 10.22 Let {fn}2y be a sequence of real numbers having the Poisson transform
F(z) =Y, fn%efz, which is an entire function. Furthermore, let its Mellin transform
F(s) have the following factorization

F(s) = M[F(2); 8] = T(s)7(s)-
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Assume that F(s) exists for R(s) € (—2,—1), and that v(s) is analytic for R(s) € (—o0, —1).
Then

y(—n) = zn: (Z) (=D fp, for n>2. (10.82)

k=0

Proof: Let sequence {g,}%, be such that F(z) = 3.2, gnZ7, that is,

In = Eni (Z)(—l)"kfk , n>0.

k=0

Define for some fixed M > 2, the function Fy(z) = Yol gnzn—y,l. Due to our assumptions,
we can continue F'(s) analytically to the whole complex plane except s = —2,-3,... . In
particular, for R(s) € (—M, —M + 1) we have

F(s) = M[F(z) — Fy(2); 5.

(The above is true since a polynomial in z, such as Fys(z), can only shift the fundamental
strip of the Mellin transform but cannot change its value, as we saw in Section 9.2.) As
s — —M, due to the factorization F'(s) = I'(s)v(s), we have

1 (=M
s+M M!

F(s) = V(=M)+0(1) ;

thus by the inverse Mellin transform, we have

Sy B CDY

F(z) — Fyp(z) = Y Y(=M)M O as 2 —0. (10.83)

But
F) = Fu(s) = 3 gas = gu’m 1 O(:M41 10.84
()= Fu() = 3 auy = oug + OG) (1039)

Comparing (10.83) and (10.84) shows that y(—M) = (—~D)Mgy = 0Ly (1) (—=1)* fi. for
M > 2. n

Now we are in a position to compute the Mellin transforms of X (z) and W(z). From
(10.78)—(10.81) we obtain

b
> <b> (—D'r(s—i) = (°+q")(s) ,
=0

b

<b> (—1)'B(s—i) = 200 +q ")v(s)+ (" +q *)B(s) ,
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and, by Lemma 10.21, v(s) exists at least for R(s) € (—=b— 1, —1), while 3(s) is well defined
in the strip R(s) € (—2b — 1, —1). To simplify the above, we define, for any function g(s),

b
i)=Y <b> (1) g5~ ), (105

i=1

provided g(s — 1),...,g(s — b) exist. Then
1 b (b . , 1 ~
v(s) = [ ——— ; <2> (—1)y(s — i) = mv(s) (10.86)
_ 1 Srey e 2 Ha)

Bls) = = e q_sﬁ( ) + T q_s)ﬂ( ). (10.87)

Let s, k=0,£1,£2,..., beroots of 1 —p~® — ¢~% = 0. Observe that so = —1. We need
to know precisely the locations of the roots s;. Fortunately, we already studied this problem
in Lemma 8.22. At s = s, we have

1 1 1 hg(sk)

== - 10.
1—p=—q* h(sk) s — sk + 2h2(s) +0(s = sx), (10.88)

where

h(t) = —p~'logp — ¢ 'logg,
ha(t) = p~"log®p + ¢ 'log*q.

Expanding I'(s)7(s) around s = sg, we find that

L(s)3(s) = D) (sk) + (C(sk) (s) + T (s1)7(sk)) (s = s8) + O((s — s1)?) -

Therefore, since X (s) = I'(s)vy(s) = T{_q_sf(s)ﬁ(s), we obtain
X(6) = )+ e
1

hsk) (T(sk)7' (sx) + T (s1)7(sk)) + O(s — sp) -
Sk)

In a similar manner, from (10.87) we have

_ 20(sp)y(se) 1 2" (sk)3(sk) ~ T'(sk)
v = e e (™ iy

sk) — h%(s sk)Y (s
a QF(Sk)hQ( ];33(35) ( k)?(sk) - QF(h;ﬁ()Zkg k)> 5 —18k o)

B(sk)
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On the other hand, from (10.88) and (10.86) at s = sy = —1, we find that
1 1 ho (1)

W) = —pog o g TO6+D,
2 1 hy —h? 1 1
= - 422429 (-)= | — 1) .
Bls) h2(s—|—1)2+< o T )h2>s+1+0()

In the above, we used the fact that (—1) = 1 and G(—1) = 0, which directly follows from
Lemma 10.21. But I'(s) = _Fll + (v — 1) + O(s + 1); hence the Laurent expansion of X (s)
at s =—11is

X() =T = 7577 — (g~ 77 0+ 5 ) 37 -0

We now use the reverse mapping Theorem 9.2 to find asymptotically X (z) and W(z)
for z — oo in a cone Sy (we again use either analytic continuation or the extension to the
complex plane of the Mellin transform as discussed in Section 9.3). However, to estimate the
error term we note that v(s) has additional simple poles at s = 0,1,... . The pole at s =0
is a double pole of X (s) = I'(s)y(s), and thus its contribution to X (z) is O(log z). Putting
everything together, we finally arrive at

_ 1 hy 1y 7_1)
S By 1, 9ol 10.
. hzog”(yﬂ S+ =) 2 (10.89)
-
+ sz—%_ko(logz)-
= (sk)
Similarly, at s = —1,
2 1 2 (ho—h* 1 1 1 < : )
Y(s)=—— h A ) |
(s) h2(s+1)3+h< 2 L7 ()4 — (s+1)2+ s+1

In addition, there is a double pole at s = 0, and hence by the reverse mapping Theorem 9.2
and Lemma 8.22 we obtain

1 2 (ha—h* 1. -1
Wi(z) = ﬁzlog2 z+ 7 <QT - E’y’(—l) + PYT) zlog z

P(sk)7(58) 5110 » ;
—1-2];)7}#(819) log z + O(2)

for z — oo, where O(z) error term comes from the term O((s+1)~!). This formula will allow
us to infer the asymptotics of the variance of D,,.
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The final step is depoissonization. We shall use Theorem 10.3. To verify conditions (I)
and (O) we need a slight extension of Theorem 10.5. Condition (I) follows from (10.89), thus
we need only verify (O). We consider only X(z). Let X(z) = X(z)e*. Then the functional
equation (10.78) transforms into

XO(2) = X(2p)e* + X (2q)e* + ze?,

where X®)(z) denotes the bth derivative of X (z). Observe that the above equation can be
integrated to yield

zZ  [rwi Wp—1
X(2) :/0 /0 /0 (X (w1p)e? + X (w1q)e“P + w1e™) dwy - - - dwadwy,  (10.90)

b times

where the integration is along lines in the complex plane.

We now prove that | X (z)] < el for 2z ¢ Sy for a < 1. We use induction over increasing
domains as discussed in Theorem 10.5. That is, for all positive integers m > 1 and constants
£,6>0, let

Dy ={z=0pe?: peles,ev™™], 0<9 < 2r},

where max{p, ¢} <v <1 and § < min{p, ¢}. As we have already seen, such a representation
enjoys the property that if z € D,,+1 — Dy, then zp, zq € Dy, provided that |z| > £, which
is assumed to hold. To carry out the induction, we first define D,, = D,, N Sy, where Sy
denotes points in the complex plane outside Sy. Since X (z) is bounded for z € Dy, the initial
step of induction holds. Let us now assume that for some m > 1 and for z € D,, we have
|X(2)] < el with o < 1. We intend to prove that |X(z)| < el for 2z € D, 1. Indeed, let
z € ﬁm+1. If also z € D,,, then the proof is complete. Let us assume that z € ﬁm+1 — Dp,.
Since then zp,zq € D,,, we can use our induction hypothesis together with the integral
equation (10.90) to obtain the following estimate for |z| > £, where ¢ is sufficiently large:

|X(Z)| < |Z|b+1 <e|z|(pa+qcos9) + e\z\(anrpcosG) + e\z\COSG) )

Let us now define 1 > a > cos# such that the following three inequalities simultaneously
hold:

1
’z‘be|z|(pa+qcose) < _€a|z|’

-3

1
|Z|be|z|(qa+pcose) < §6a|z|’
|Z|b+16\z\cost9 < §6a|z|

Then for z € D,,,1 we have | X (2)| < e®?l, as needed to verify condition (O) of the depois-
sonization lemma.
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In view of the above, we can apply the depoissonization Theorem 10.3 to X (z) and W (2)
and obtain

X 1
E[D,]| = (m)+0(°gm>
m m
1 he 1. v—1 L(sp)y(sk) _1- logm
= —logm+———'y'(—1)+—+z S’“+O< >,
h o h & b
and
. W(m) 1, hy —h? 1
E[D,.(D,, —1)] = p- +0(Q1) = ﬁlog m+2ﬁ < i ( 1)+T logm
D(se)y(sk) 1
2 — k] o) .
+ kz: 72 (%) m ogm + O(1)
£0
After computing E[D,,]? we arrive at
Var[D,,] = ED, (D, —1)+ ED,, — (ED,,)?
hy — h? )3(514:)( 1 1) —1-
= logm + 2 ——|m " logm + O(1) .
R g;o h(sk)  \h(sk) h g W

If R(sx) = —1 for all k, then by Lemma 8.22 one can prove that h(s;) = h (see Exercise 19).
If R(sg) > —1, then m~1=%* logm = o(1). Therefore, Var[D,,] = th—_Jﬁ logm + O(1). From
Lemma 8.22 we know that $(sp) = —1 whenever (logp)/(logq) is rational, and otherwise
%(Sk) > —1.

To complete the proof of Theorem 10.20 we evaluate the constant 7'(—1). In passing we
point out that the second-order term of E[D,,] plays an important role in some applications
(e.g., the computation of the average code redundancy for the standard Lempel-Ziv scheme
[299], and for k-resilient Lempel-Ziv codes, introduced recently by Storer and Reif [399]).
Therefore, knowing its value, or providing a numerical algorithm to compute it, is of prime
interest. But the second-order term depends on 7/(—1), which also can be expressed as

b
Y=Y <b> () (1),
i=1
where y(s)['(s) = M[X(2); s]. Define the sequence {f,,}2°_, from X(z) = 3%, fmZre 2.
Since clearly f,, = E[D,,], it satisfies recurrence (10.77) of Theorem 10.20.
Assume first that b > 1. To compute 7'(—1) we must find v(s) in terms of computable
quantities, such as f,,. We proceed as follows:

'y(s) ( Z fn s Z s-l—n)

=b+1 ! n= b+1
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= Z %5(5—1—1) (s+n—1).

n=b+1

We assume that R(s) € (—b— 1, —1) to ensure the existence of the Mellin transform and the
convergence of the above series. Then one easily derives

V(s) = Z &8(8+1) 3 s {-2-3,...,—b}.

n=b+1 n! 1=

After some algebra, we arrive at the following:

V(=k) = (=)* i f—?k!(n—k—l)!, for k=2,...,b,
n=b+1 s
V(b-1) = (D) Hp + (- S I

n=b+2

(b—l—l) n—=0b—-2)! .
To estimate 7'(—1) we find, after some tedious algebra, that

Ly 1 b
- —;() (- 2—1)—5—H—1+A+A(bp)

where

i+ 1)b!
Ab,p) = Z f”Z( _Z)ln(n(_l))(n—z—l)’

n=b+2 =1
00 b .
(z+ 1)b!
A = —b) . 10.91
_zb: " Zb—z'nn—l) ‘(n—i—1) (10.91)
n=b+2 zfl

We recall that fo,41p = fris — m and f,, satisfies (10.77). The above series converge since
the summands are O(logn/n?). Finally, observe that f,,4; =0 for m =1,2,...,band f; >0
for ¢ > 2b; hence

00 b
Alb,p) = > fnz (2+1)b(n_i_1)

— l _
n=>b+2 z*l Z n n 1)

o b (z—i—l)b!
B Zf"z — 1) (n—i—1)"

n=2b+1 i:l

It can be proved that A = Hy, + b(1+ b)~! (the reader is asked to verify this in Exercise 20);
hence 7'(—1) = Hp—1 + A(b,p) as presented in Theorem 10.20.
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The case b = 1 was already discussed in Section 8.7.3, where we found

0 k+1 k+1
p" T logp+ ¢ T logq
A(l,p) =0 = — Z 1= phtl — gt
k=1

This finally completes the proof of Theorem 10.20 for all b.

10.5.3 Depth in a Digital Search Tree with a Markovian Source

We again analyze the depth in a digital search tree with b = 1. However, this time the
strings are emitted by a Markovian source. More precisely, we assume that m sequences are
independently generated by a Markov source over a finite alphabet A = {1,2,...,V} with a
positive transition matrix P = {pij}szl (i.e., pij > 0 for all i,j € A) and a stationary vector
™= (m1,...,7y).

We build a digital search tree from m strings. Let I; be the depth of insertion for the
ith string, that is, the path length from the root to the node containing the ith string. As
before, the typical depth D,, is defined as

1 m
Pr{D,, =k} = — > Pr{L; =k},
=1

and the average profile BF, represents the average number of nodes at level k of the tree.
Observe that BF = 0 for all k > 0, and for m > 1

Rk
Pr{Dy = k} = 2m.
m

This and the definition of the typical depth immediately imply that
Pr{lyn1 =k} = Bj1 — By, (10.92)

with Pr{ly = 0} = 1 and Pr{Iy = k} = 0 for all £ > 1. Throughout, we shall work with
generating functions of the above quantities, that is,

Dp(u) = EuP"] =3 Pr{D,, =k}*,  Dy(u)=1,
k>0
In(i) = Ef"]=>"Pr{I, = k", Io(u) =1,
k>0
Bm(u) = Y Bk By(u) =0
k>0
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for a complex u such that |u| < 1, and the Poisson transforms

m

D(z,u) = mzZ:O Dm(u)%efz,

B(z,u) = mzZ:O Bm(u)%n:e_z,

I(z,u) = mzZ:O Im(u)%e_z.
Observe that from (10.92), we have

% +1(z,u) = Léézz, u)

Since Dy, (u) = By, (u)/m, we can recover all results on the depth of insertion I,, and on
the typical depth, from the average profile B,’%. Therefore, hereafter we concentrate on the
analysis of the average profile.

To start the analysis, we derive a system of recurrence equations for the generating func-
tion of the average profile. Let B! (u) for i € A be the ordinary generating function of the
average profile when all sequences start with symbol i. Let also p = (p1,...,pv) be the
initial probability vector of the underlying Markov chain, that is, Pr{Xy = ¢} = p;. (For the
stationary Markov chain we have p = w.) The probability that the first subtree of the root
contains j; strings, the second subtree has j, strings, and so on until the Vth subtree stores

Jv strings is equal to
m J1 Jv
. . |pr Py
(]17 s 7JV> ! v

But the ith subtree is a digital search tree itself of size j; containing only those strings that
start with symbol ¢. Hence, its average profile generating function must be Bj, (u). This leads
to the following recurrence equation, assuming By(u) = 0

m . .
Bpi(u)=1+u Y. (J. )p%l -plY (BJ,(w) + -+ + B}, (w)) (10.93)
li[=m
where j = (j1,...,Jv), |il = j1 + -+ jv and for simplicity we write (T) = (j1 mjv) Clearly,
we can set up similar recurrences for the subtrees. That is,
Bl (w)=1+uY <j )di...pgg (Bj,(w) +-+ B} (), forall icA (1094)
ljl=m

where Bf(u) = 0 for i € A.
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Before we present the main result, let us establish some notation. For a complex s we
define

Lj=1>

Q(s) =1—"P(s), where P(s)={p;’ v

where | is the identity matrix. In addition, we use the standard notation for the entropy of
a Markov source, that is,

v v
h=—=>_m Y pijnpg,
=1 =1

and for a probability vector p = (p1,...,py) we define

\%
hp = — Zpi In p;.
i=1

We also write p(s) = [m °,m, %, -+, m,°], which becomes 7 when s = —1.
Finally, for the matrix P(s) we define the principal left eigenvector 7 (s), and the principal
right eigenvector 1 (s) associated with the largest eigenvalue \(s) as

w(s)P(s) = A(s)m(s),

P(s)ip(s) = Als)ib(s),
where 7(s)9(s) = 1. Observe that w(—1) = 7 = (m,...,7v), ¥(-=1) = = (1,...,1),
and A(—1) = 1. For a function, vector, or matrix A(s) we write A(s) = L A(s) and A(s) =
%A(s). In Exercise 22 the reader is asked to check that

M=1) = @P(=1)p =h, (10.95)
AM=1) = @wP(=1)p + 27 (=1)P(=1)ap — 2\(=1)7(—1)p. (10.96)

We now formulate the main result, which we derive throughout the rest of this section.

Theorem 10.23 (Jacquet, Szpankowski, and Tang, 2000) Let a digital search tree be
built from m strings generated independently by a Markov stationary source with positive

transition probabilities P = {pij}szl.

(i) [TypicAL DEPTH] For large m the following holds

E[D,] = ﬁ <lnm +y =14+ A(-1)+ % — 9 —mwp(—1) + 51(lnm)>
+ 0 (1%”) , (10.97)
Var[D,,] = A - (1) Inm + O(1). (10.98)

A3 (1)
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Here 9 = wx(—2) and

%(-2) = Y (@72 QT Q) [ QTN =) ) K, (10.99)

K = <ﬁQ1 2—2) WP, (10.100)

where ¥ = (1,...,1). The function 61(x) is a fluctuating function with a small amplitude

when
Inp;; +Inpy; —Inpy;

Inp1s
where Q is the set of rational numbers. If (10.101) does not hold, then lim,_ o 61(x) = 0.

€Q, ij=1,2,....V, (10.101)

(ii) [DEPTH OF INSERTION]| The depth of insertion I,,, behaves asymptotically as D,,, that is,

A=)

Ell,,] = ; <lnm +y+ A1) + m — 9 — (1) + 52(lnm)>

A(=1)
+ o(22)
Var(l,,] = Var[D,]+ O(1),

where 6a(z) is a fluctuating function with the same property as 01(x).

The rest of this section is devoted to proving Theorem 10.23. The generating function
By, (u) of the average profile satisfies (10.93) with the initial vector p = 7. Observe that the
conditional generating functions B, (u) fulfill the system of recurrence equations (10.94). We
shall first deal with (10.94). There is no easy way to solve these recurrences. Therefore, we
transform them to the Poisson model. Let

S n
Bi(z,u) =Y. B;l(u)%e*a icA
n=1 .

be the Poisson transform of B! (u). In addition, we shall write BZ(z,u) := %Ei(z, u) for the
derivative of Ei(z,u) with respect to z. After some simple algebra, we have the following
poissonized differential-functional equations of recurrences (10.93) and (10.94)

B.(z,u) + B(z,u) = u[B'(u,m2) + --- + BY (u,my2)] + 1,
and

Bi(z,u) + B'(z,u) = u[B (u,pnz) + - -+ BV (u,pivz)] +1  forall ic A.
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We now concentrate on the evaluation of the first two moments of the depth. Thus we
need the first two derivatives of B(z,u) with respect to u at u = 1. Noting that B*(z,1) = z,
we have

Bou(2,1) + Bu(z,1) = z+[B:1,mz)+---+ B/ (1,7v2)],
Bi,(z1)+ Bi(z,1) = z+[By(Lpnz)+-—+B,(1,pvz)], icA
and
Bouwu(2,1) + Buu(2z,1) = 2[BL(1,m2) + +BV(1 Tvz)|
+ [B }Lu(l mz) + —|—B L1,y 2)],
Bl (21) 4+ Bly(2,1) = 2[By(1,pnnz)+ -+ B} (1,pv2)] iceA

+ [Buu(lapllz) ot Buu(17plvz)]

Our goal is to solve asymptotically (as z — oo in a cone around R(z) > 0) the above two
sets of functional equations using Mellin transforms. A direct solution through the Mellin
transform does not work well, as we saw in the previous section. Therefore, we factorize the
Mellin transforms as follows

Bi(s) = M[Bi(z,1);s] =T(s)zi(s), icA
B*(s) = M|Buy(z,1);s] =T'(s)x(s),
Ci(s) = M[Bi,(z1);s] =T(s)ui(s), i€.A
C*(s) = M[Buu(z,1);s] =T(s)v(s),

where z;(s), z(s), v;(s) and v(s) are unknown. The lemma below establishes the existence of
the above Mellin transforms. The reader is asked to prove it in Exercise 23.

Lemma 10.24 The Mellin transforms B} (s), B*(s) and C}(s), C*(s) exist for R(s) €
(—2,-1). In addition,

and z(—2) =1, v(—-2) = 0.

Using properties of Mellin transforms (cf. (M3) in Chapter 9) we obtain
—(s—1)B*(s—1)+ B*(s) = Bi(s)m °+---+ By (s)m,", (10.102)
—(s=1Bj(s =1)+ Bi(s) = Bi(s)piy +-- +Bv(s)py,  i€A, (10.103)

and

—(s = 1)C*(s — 1) + C*(s)

2[Bi(s)m ® + -+ By(s)m,”] ( )
[CT(s)my* + -+ Cy(s)m, "], (10.105)
( )
( )

+

—(s=1)C (s — 1)+ C}(s)

2[Bi(s)piy” + -+ By (s)piy]
+ [Ci(s)py + -+ Oy ()l i€ A
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Now set
x(s) = (21(s),..-,2v(s)",
vis) = (v1(s),.-,0v(s)T,
b(s) = (Bi(s),...,By(s),
c(s) = (Cf(s),., Cy(s)",

as

x(s) —x(s—1) = P(s)x(s),
v(s) —v(s—1) = 2P(s)x(s)+ P(s)v(s)
Thus
x(s) = Q (s)x(s—1) (H Q l(s—i ) (10.108)
v(s) = 2Q7(s)P(s)x(s) + Q7 (s)v(s — 1). (10.109)
We recall that Q = | — P, | is the identity matrix, and K is defined in (10.100). The formula

for K follows from Lemma 10.24 (i.e., x(—=2) = (1,...,1)T) and (10.108).

Thus far we have obtained the Mellin transforms of the conditional generating functions
Bi(z,1). In order to obtain the composite Mellin transform B*(s) and C*(s) of By,(z,1) and
Buu(z,1), we use (10.102) and (10.104) and, after some algebra, we finally obtain

B*(s) = p(s)b(s)+TI'(s)z(s —1), (10.110)
C*(s) = 2p(s)b(s)+p(s)c(s) +'(s)v(s —1), (10.111)
where p(s) = (77 °,...,m,"). We shall see that the dominant asymptotics of B*(s) and C*(s)

s
follow from the asymptotics of b(s) and c(s), and these depend on the singularities of Q(s),
which we discuss next.

We now prove the following lemma that characterizes the location of singularities of Q(s).
It extends the Jacquet-Schachinger Lemma 8.22 to Markovian sources.

Lemma 10.25 (Tang 1996) Let Q(s) =1—P(s) and P(s) = {p;;*}i jea. Let s; denote the
singularities of Q(s), where | € Z is an integer. Then:

(i) Matriz Q(s) is nonsingular for R(s) < —1, and sy = —1 is a simple pole.

(ii) Matriz Q(s) has simple poles on the line R(s) = —1 if and only if

Inp;; +Inp; —Inpy;
Inp1y

€Q, i,jEA, (10.112)
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where Q is the set of rational numbers. These poles have the following representation

s = —1+4 101,
where
. ni 2T
ng |Inpir |’

\%
for integers ni,no such that {|n2 o (Inp;; + Inpy; — lnplj)|} - is a set of relative primes.

=

(iii) Finally,
Q(—1+16i) = E7'Q(-1)E,
where E = diag(1,e%2, ... e%1v?) is the diagonal matriz with O;, = —01npy,.
Proof. Observe that for (s) < —1,
1 —pi°l > 1= |p°| > L =pi =Y pij > Ipi;°l; (10.113)
J#i J#i
hence Q(s) is a strictly diagonally dominant matrix, and therefore nonsingular (cf. [200, 327]).

We proceed with the proof of part (ii) of the lemma. For b # 0 such that Q(—1+bi) is singular,
let x = [x1, 29, ..., zv]7 # 0 be a solution of Q(—1 + bi)x = 0, where

1-— pllefui _pmefmi —plveélvi
_p2le§21i 1— p22€§22i —pgve&‘/i
Q(—1+bi) = ' | |
_pjleéjll _ijeéjQZ _pjveéjvz
i —leerli _pV2€§V2i 1 _pvvefvv’i |

with & = —blnp;,. Without loss of generality, suppose |z1| = max{|z1]|, |z2|, ..., |xv|} # 0
(since Q(—1 + bi) is singular). Then

(1 — pr1ef"ay — praet2izg — - — pryestVizy =0,

implies that
1 — p11e8 = p1oe®2img fxy + -+ prye®Viny Jay.
But as in (10.113)
11— pre® > 1—pyy,
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and
§121

|p12e>' o /a1 + ... +p1v€£1vixv/$1| <pi2+--+pwv=1-pi1.

Thus
1 —ppefti =1—pyy,

pr2e®iay fay 4+ prveViny fag = pia+ -+ piv.

This implies that
et = efuily, Jpy =1,

and |z;| = |z | for any i,7 = 1,2,...,V, so that €%’ = 1 for all j. Define now &; such that
z;/x; = e 81 = &' Then

—pﬂefﬂi _pj2€€j2i6€2i .. _pj(j_l)efj(jfl)iegjfli + (1 —pjj)efji ... _pjveﬁjvieﬁvi -0
for any 1 < j < V. Note that since
—Pit— P2 =~ Pjg-y HLopi = =Ry =0
we must have eitefite 8" = 1, and thus
eSiit — (& =&)1,

Hence, —b(Inpj; +Inp1; —Inpy;) = 2wnj; for some integer nj;, and as a consequence (In p;; +
Inpy; — Inpij)/Inpy is rational for any i,5 = 1,2,...,V.

To prove the second part of (ii), suppose b is such that \%(lnpji +Inpy; — Inpy;)| are
integers for any 4,7 = 1,2,...,V. Then

1— P11 _p12e(£1*§2)i e _plve(é.l*fV)i
—pgrelé2—&1)i 1—poo e —payelé2—Ev)i
Q(—1+ bi) = ' ' '
_pile(g’i*gl)l _pi2e(£i7§2)2 N _pive(iiii‘/)z
i _lee(fvffl)i _pv2€(§V7§2)i e 1 — PVV

= [diag(1,e%2,e7%, ..., e )| 71Q(~1)diag(1,e %2, e, ... e V).

Since Q(—1) is singular, so is Q(—1 + bi). Hence s = —1 + bi is a pole of Q(s) if and only if
\%(lnpji +Inp; — Inpy;)| are integers for any 4,5 = 1,2,...,V. Since {\%(lnpij + Inpy; —
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In plj)]}¥:1 is a set of relative primes, we have b = (6 for some integer [. Thus part (ii) is
proved. Part (iii) follows from our previous analysis. [

Observe that for the memoryless case we have p;; = m;, and condition (10.112) becomes
I ¢ Q for all 4,j. This agrees with Lemma 8.22.

In7;
Now, we are prepared to prove (10.97) and (10.98) of Theorem 10.23. We first consider
the mean. The starting point is (10.108), which we rewrite as

x(s) = Q 'x(s — 1) ZPk x(s —1).

We denote by A(s), pa(s),. .., uv(s) the eigenvalues of P(s). By the Perron-Frobenius Theo-
rem 4.5 we know that [A(s)| > [u1(s)] > -+ > |uv(s)| (recall that we assumed that p;; > 0
for all 4,5 € A). The corresponding left eigenvectors are m(s),ma(s),..., 7y (s) while the
right eigenvectors are 1(s), 5(s), ..., ¥y (s). We write here (x,y) for the scalar product of
the vectors x and y.

Using the spectral representation of P(s) (see Table 4.1) we obtain

v
PH(s)x(s — 1) = N (s)(m(s), x(s = 1))3p(s) + D _ i (s)(mi(s), x(s — 1))9p;(s).
=2
Thus b(s) = I'(s)x(s) becomes

V i\S), X(S§ — i\ S
b(s) = [(s)(m(s), x(s = 1))%(s) +ZT(8)<M( ), x(s —1))9i(s)

(10.114)

1- )‘(‘9) i=2 1- IU’Z(S)
To obtain the leading order asymptotics of B*(s) = p(s)b(s) + I'(s)xz(s — 1) (cf. (10.110)),
we need Laurent’s expansion of the above around the roots of A\(s) = —1. Observe that the

second term of (10.114) contributes o(m) since A(s) is the largest eigenvalue; hence we ignore
this term. To simplify the presentation, we deal here only with the root sy = —1. The other
singularities are handled in the same way as in the previous section. We use our previous
expansions for x(s — 1) and I'(s) together with

1 -1 1 A=1)

TR Y B VR P S CTRE T

Y(s) = Y+P(=1)(s+1)+O0((s +1)%).

This finally leads to
-1 1

1 [{mx%x(=2)) -1 <I)(—1),1Z)(—1)>Jr A(=1)
s+1\ A(-=1) AM=1) AM-1) 222(—1)

- 1) +0(1).
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After finding the inverse Mellin transform and depoissonizing, we obtain (10.97) for the mean
E[D,,].

Finally, we turn our attention to the second factorial moment and the variance. We need
to study c(s) = ['(s)v(s), where v(s) = 2Q1(s)P(s)x(s) + Q1 (s)v(s — 1). As before, we

obtain
t o(s) = U (s)(m(s),x(s — 1)) (m(s),P(s)y(s))p(s)
(1=A(s))
A calculation similar to that for b(s) leads to

-2 1
A2(=1) (s+1)3

+0 ((1=A(s)™).

c(s) =

1 A(-1) v —1—(m,%(=2)) — (p(—1),P(=1)) = A\(—1)
RNPESTE (2”’(—1) o A2(-1) )
1
o (5 + 1) '

This is sufficient to prove (10.98) after some tedious algebra that was done using MAPLE.
Details of the proof can be found in Jacquet, Szpankowski, and Tang [220].

10.6 Extensions and Exercises

10.1 Prove properties (P1)—(P3) of the Poisson process.

10.2 Let S, be the size of a trie built over n independent strings generated by a memoryless
source. Define S,(u) = E[u®"] and let S(z,u) be the Poisson transform of S,,(u). Prove
that

S(z,u) = uS(zp,u)S(2q,u) + (1 — u)(1 4 z)e .

10.3 Let g, = n(n —1)--- (n — k 4+ 1). First show that G(z) = zF. Next directly prove the
general depoissonization result (as in Theorem 10.6) in this case, and show that the
coefficients b;; defined in (10.40) are equal to

r .
bij = ﬁ82(37’6)7
where sa(n, k) are related to Stirling’s number of first kind, and defined via

Z so(n, k)t"uk /n! = e7 (1 + t)*
n,k

(cf. Comtet [71]).
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10.4 Consider
n!

(k + log k)’
Find its Poisson transform and decide whether the analytic depoissonization will work

in this case. Explain your answer. If you cannot justify it, carefully read Theorem 10.13
and see if you can apply it to this case.

9n.k =1+

10.5 A (Jacquet and Szpankowski, 1989) Consider the functional equation discussed in
Example 5, that is,

C(z) = (14 (1 +2/2)e73/?) C(2/2).

Establish asymptotics (10.36) of C(z) as z — oo in a cone Sy around the real axis. In
particular, compute the constant D that appears in the asymptotic expansion of C(z).

10.6 Consider the Laplace transform g*(s) of a function g(z). Extend the definition of the
Laplace transform to the complex plane (assuming g(z) can be analytically continued
to g(z)). The reader should use arguments similar to those we adopted in Section 9.3,
where we extended Mellin transforms to the complex plane. In particular, prove that
if g(2) is an analytic continuation of g(z) in a cone Sy, where 6 < 6y, then the inverse
Laplace transform g*(s) of the function g(2) exists in a bigger cone Sy, ./, for all & < 6y,
provided that g(z) = O(z”) in the cone Sp,.

10.7 Prove Lemma 10.10.

10.8 Provide details of the proof of the diagonal depoissonization Theorem 10.15.

10.9 A (Rais, Jacquet, and Szpankowski, 1993) Prove that the depth in a PATRICIA trie
in the Poisson model is normally distributed, that is, establish (10.64).

10.10 A (Flajolet 1999) Use singularity analysis to derive the asymptotic expansion for
Shannon entropy h, of the binomial distribution, that is,

" (n _ n e
k=0

ha(t) = exp(n(e"/V™ =1 — it /v/n))

10.11 Let
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(cf. Lemma 10.11). Prove that for all nonnegative integers k there exist vy such that
for all t € [—logn,logn|,

2k k
hn(t) = o t2/2 (1 + Z Zfijtinj_iﬂ + O(yy, 10g3(k:+1) n—(k+1)/2)> ’

i=3 j=1
where the coefficients &;; are defined as

. . . 1
3 &'y’ = exp(y(e —1—iw + 5a%).
ij>0

A (Jacquet and Szpankowski, 1998) The purpose of this exercise is to extend the gen-
eral depoissonization Theorem 10.6 to the polynomial cones C(D, ) defined as follows:

C(D,§)={z=ax+iy: [y <D2z®, 0<6<1, D>0}.

Observe that when § = 1 the polynomial cone becomes a linear cone. Prove the
following extension of Theorem 10.6.

Theorem 10.26 Consider a polynomial cone C(D,d) with 1/2 < 6 < 1. Let the fol-
lowing two conditions hold for some numbers A, B, R > 0 and o > 0, 3, and ~:
(I) For z € C(D,0)

2l >R = |G(z)] < BJz[7¥(]2]),

where U(x) is a slowly varying function, that is, for each fized t limy,_, oo ?I,((tf)) =1 (e.g.,
U(x) =log?z for some d > 0).
(O) For all z = pe'® with 0 < w such that z ¢ C(D,6)

p=lzl >R = |G(2)e*| < ApYexp|(1 — ab?)p].

Then for every nonnegative integer m

m i+m
g = 3. byn'GYl(n) + O(nP TG ()
i=0 j=0

m k
= G(n)+ DY bipn'GF(n) + O~ (),
k=1i=1

where b;j are the coefficients defined in (10.40).



466

10.13

10.14

Analytic Poissonization and Depoissonization

A Prove the central limit theorem for the Poisson model. More specifically, establish
the following result.

Theorem 10.27 Let Xy be a characteristic of the Poisson model with G(z,u) =
Eu™~, mean X (2), and variance V(z). Let the following hold for z — oo in a cone Sy
and for u belonging to a neighborhood U of w =1 in the complex plane:

log G(z,u) = O(A(2)),

where A(z) is such that
A(z)

lim =
z—00 1/3/2 (Z)

and furthermore lim, ., V(z) = co. Then for complex T

@(%Jhﬁﬁoeﬂ&@ywma_e§<l+o< A@)>>.

V3/2(z)

Thus Xn = (Xy — X(2))/\/V(2) converges in distribution and in moments to the
standard normal distribution.

A (Jacquet and Szpankowski, 1998) Prove the following extension of the depoissoniza-
tion tool Theorem 10.13.

Theorem 10.28 Let G1,(z) be a sequence of Poisson transforms of gn k., and each Gr(2)
is assumed to be an entire function of z. Let log Gi(z) exist in a cone Sp. We suppose
that there exists % <pg< % such that the following two conditions hold:

(I) For all z € Sy such that for |z| =n
|log G (2)| < Bn®

for some constant B > 0.

(O) For all z ¢ Sp such that |z| = n:
|G (2)e?] < exp(n — An®)

for some a > 3. Then for all € > 0:

gnn = Gn(m) expl =5 (L1, (m))?] (1 + 0>+

where Ly (z) = log Gu(2) and L, (2) = G',(2)/Gn(2) is the first derivative of Ly(z).
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10.15 A Consider again the leader election algorithm discussed in Section 10.5.1. In this

10.16

10.17

exercise the reader is asked to consider the mean E[H,] and the variance Var[H,] of
the height H,,. Prove the following result.

Theorem 10.29 Define L :=1In2 and xi := 2mwik/L.

(i) [Prodinger, 1993| The average height E[H,] satisfies

1 1
E[H,] = logyn + 3~ 91(logyn) + O <E> ,

where §1(-) is a periodic function of magnitude < 2 x 107°, given by
1 .
B1(@)i= 7 3 =) T(1 = xi) €5,
z\{0}

and ¢(-) and I'(-) denote Riemann’s zeta function and Euler’s gamma function, respec-
tively.

(ii) [Fill, Mahmoud and Szpankowski, 1996] The variance Var[H,] of the height
satisfies
7T 1 2 08

logn
VarlH,| = ——=+ 7= —%=— + d2(lo +O< )
[ 6log?2 12 log?2 log??2 2(logn) n

1
= 3.116695... 4 d2(logn) + O ( o;gln> .

Here the constants (—1)¥~;/k!, k > 0, are the Stieltjes constants defined as

m k ; k+1
log®i  log" " m
= 1l g — .
T T <i1 i k1 )

In particular, vg = v = 0.577215... is Fuler’s constant and v; = —0.072815... . The
periodic function d2(-) has magnitude < 2 x 1074,

A(J anson and Szpankowski, 1997) Extend the analysis of the leader election algorithm
to biased coins, that is, assume that the probability of throwing a head is p # %

Consider again the leader election algorithm discussed in Section 10.5.1 but this
time the process stops when b leaders are selected. In other words, consider a b-
incomplete trie version of the regular incomplete trie. Find the mean of the height (cf.
Grabner [167]), the variance, and the limiting distribution, if it exists.
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10.18 A(Kirschenhofer7 Prodinger, and Szpankowski, 1996) Consider the generalized proba-

10.19

10.20

10.21

bilistic counting, as discussed in Example 2 of Chapter 9. The quantity R,, 4 determines
the number of rounds before the algorithm terminates. Let Gy, (u) = Euft»d, and G(z,u)

be the probability generating function and its Poisson transform, respectively. Observe
(cf. [254]) that

G(z,u) = ufa(z/2)G(2/2.u) + (u = 1)(fa(2/2) — 1) ,

where fy(z) =1 —eq(z)e™* and e4(z) = 1 + % +-+ %C!l is the truncated exponential
function. Then prove the following result.

Theorem 10.30 (Kirschenhofer, Prodinger and Szpankowski, 1996) For any in-
teger m

Pr{R,q<loggn+m—1}=1—-¢ (2*m7<1°g2 ">) +0(n™h),

where
o0

H fa(227) = H (1 —eq(22%) _Z2j)

J=0

and (logn) =logn — [logn].

Let

h(t) = —p~'logp — ¢ 'logq
and si be aroot of 1 —p®*—¢~% = 0 for k € Z. Prove that if R(s;) = —1, then h(sx) = h,
where h is the entropy of Bernoulli(p).

Prove that the constant A defined in (10.91) simplifies to A = Hy, + b(1 + b)~!

A (Louchard, Szpankowski, and Tang, 1999) Consider again the b-digital search tree
model in Section 10.5.2 and prove the following limiting distribution for the depth D,,.

Theorem 10.31 Let G,,,(u) be the probability generating function of Dy, (i.e., Gp(u) =
E[UDm]); m = ED,,, and o, = v/Var D,,. Then for complex T

2 1
—Tpm/om T/0m —e7 (1
¢ Guler™) =% (140 (o))

Thus the limiting distribution of mm“m is mormal, and it converges in moments to
the appropriate moments of the standard normal distribution. Also, there exist positive
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10.26

10.27
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constants A and o < 1 (that may depend on p and b) such that uniformly in k, and for

large m
Dy, —ci1logm
Pri|— >k:} < Ad¥,
r{ Vg logm = aa

where ¢; = 1/h and co = (hy — h?)/h3.

Prove (10.95) and (10.96).

Prove Lemma 10.24.

A (Jacquet, Szpankowski, and Tang, 2000) Consider a digital search tree under the
Markovian model (M) as in Section 10.5.3 and prove the following limiting distribution

for the depth D,,
D,,, — E[D,,]

v/VarD,,

where N(0,1) represents the standard normal distribution and E[D,,] and Var[D,,]
are computed in Theorem 10.23.

— N(0,1),

A (Jacquet, Szpankowski, and Tang, 2000) Extend Theorem 10.23 to a nonstationary
Markov model.

Extend Theorem 10.23 to b-DST under the Markovian model.

A (Jacquet, Szpankowski, and Tang, 2000) Using the analysis from Section 10.5.3,
establish the mean, the variance, and the limiting distribution for the phrase length
in the Lempel-Ziv’78 scheme, when a string of length n is generated by a Markovian
source.

V Consider the digital search tree model in Section 10.5.3 with b = 1 and where
strings are generated by m independent Markov sources. Let L,, be the total path
length, that is, the sum of all depths. Prove that E[L,,| = mE[D,,] and Var[L,,] ~
mVar[D,,], where E[D,,| and Var[D,,,] were computed in Theorem 10.23. Then show
that (L, — E[D,,])/Var[D,,] tends to the standard normal distribution. Finally, prove
similar results for the path lengths for regular tries and PATRICIA tries.

W Consider the Lempel-Ziv’78 scheme, where a string of length n is generated by a
Markovian source. Use the same notation as in Section 10.5.3. In particular, let
A=1) = X(-1)

MB(=1)

Cy =
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where A(s) is the principal eigenvalue of | — P(s). Prove that the number of phrases
(M,, — E[M,])/Var[M,] tends to the standard normal distribution with

nh
EIM,] ~ logn’

coh3n
Var[M,]| ~ log2n’

where h is the entropy rate of the Markov source. This is an open and a very difficult
problem.

W Prove that the limiting distribution of the typical depth in a compact suffix tree,
known also as PAT (i.e., all unary nodes are eliminated; see Section 1.1), built from
n independently generated binary sequences is normal. More precisely: For biased
memoryless source (p # q) the limiting distribution of the depth D,, in a compact suffiz

tree is
D,, —cilogn

Vs logn

where ¢c; = 1/h and co = (ha — h%)/h3 (as before, h is the entropy of the source and
hy = plog?p + qlog? q ). Extend it to Markovian sources.

— N(0,1),
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